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Abstract 
 
It has been more than two decades since the emergence of green labels in the building 
industry. There are a lot of institutions and organizations established and in European Union 
(EU). It is Energy Performance Building Directive (EPBD). For realizing a universal certificate 
to give transparence energy consumption when transacting, Energy Performance Certificates 
(EPC) were introduced since 2002. Although EPC is a good measure to promote the 
construction and rehabilitation of energy efficient buildings, the progress in reaching such a 
goal is distressingly slow. Especially in Spain, even it is obligation in transaction, the 
importance of EPC still has not been aware.  
 
After the literature reviewing, it is imperative to study the impacts of EPC on residential value 
and detect whether there is a spatial-energetic non-stationary impact that may be influences 
other socioeconomic distribution of population.  
 
This study pursues to establish an information indicator system and set non-spatial and spatial 
model to analyze implicit prices of EPC, detecting whether this impact of EPC on residential 
prices is stationary. 
 
To solve these objectives, several assumptions are made. Initially, all the data correspond to 
the hypothesis of Original Least Square (OLS) model, which is the underlying of this study. 
Then the influences between prices and other variables are one-way direction, which means 
variables are constant characteristics while the change of prices cannot have impact on 
variables. In order to realize the implicit prices of EPC in spatial dimension, Hedonic Prices 
Models and Geographically Weighted Regression (GWR) will be applied in the thesis as well 
as Monte Carlo Test.  
 
The thesis is organized as following. In Chapter 1, background, objectives and hypothesis are 
included for a general introduction of this topic and what this study solved. Consequently, 
relative theories are listed in Chapter 2 and previous studies related to this topic also 
interpreted in Chapter3. Regarding to Chapter 4, scope of study and basic methods and 
models employed will be listed for the basis of this study. Similarly, an information indicator 
system will be established after depurating the original data set in Chapter 5. For detecting 
whether there is a stationary or non-stationary impact of EPC on residential prices, OLS and 
GWR models will be employed in Chapter 6. At final, conclusions will be produced and give a 
summaries of this thesis, indicating limitations to this thesis.  
 
Key Words: Energy Performance Certificates, asking prices, GWR model, spatial variation 
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Chapter 1: Introduction 
 
1.1 Background 
As is well known, “Green Certificates” have appeared through the last decades of the 20th 
Century in the building industry. For example, in UK, Building Research Establishment 
Environmental Assessment Method (BREEAM) system was created in 1990 for raising 
awareness among owners, occupiers, designers and operators of the benefits of taking a 
sustainability approach, which can help them to cost effectively adopt sustainable solutions 
and provide market recognition of their achievements. Leadership in Energy and 
Environmental Design (LEED) is one of the most popular green building certification programs 
used worldwide, introduced by the United States Green Building Council (USGBC) in 1993 It 
includes a set of rating systems for the design, construction, operation and maintenance of 
green buildings, houses and neighborhoods. The main aim of the programs is to help building 
owners and operators be more environmentally responsible and use resources efficiently. 
From the worldwide perspective, HQE in France, Minergie in Switzerland and Energy Star in 
Canada began to appear in succession.  
 
In the EU where 40% of energy consumption is contributed to housing activities (Carvalho, 
2012), the process has been different. Thus, public policies have opted to toughen the 
technical standards of new buildings. The problem is that these new buildings are a small part 
of real estate market, while the stock market is mainstream. And therefore energy renovations 
of existing buildings should be promoted through incentives that do not necessarily come from 
treasuries (i.e. subsidies), especially when it has been estimated at 50% of the potential 
savings (Garcia-Hooghuis and Neila, 2013). For this reason, the EU policy has committed to 
make "universal" energy transparency to promote more energy sustainable buildings. Under 
this philosophy appearing, the Energy Performance Building Directive (EPBD) (2002/91/EC) 
introduced the Energy Performance Certifications (EPC). Unlike most of the previous 
certifications, the European Union (EU) after its reform (2012/27/EU) is, with few exceptions, 
mandatory for housing. In some countries, like Britain, taking advantage of the EPC has 
created two programs, such as the Green Deal, which funds energy reforms and uses 
cost-benefit analysis. And thus, it is the first time in the history of modern real estate market to 
establish a rank institutionalized building by EPC. It aims at a clear energy transparency, which 
brings about importance consequences from different dimensions. 
 
Therefore it is imperative to study impacts of EPC and to detect existence of stationary on 
dwelling prices, which can help enhancement of awareness of general public and promote the 
progress of EPC, contributing to energy saving. There are three questions relevant to the EPC 
as following: 
 
 Do EPCs’ qualifications have an impact on residential values? 
 If such impact proves to exist, is it Stationary or non-stationary? 
 If the impact proves to be non-stationary does it relates to the socioeconomic distribution 
 3 
of population? 
 
These questions are the cores of the theme. For Spain, it has devoted too much (such as 
housing policies, market reform) to improve the real estate, still facing a lot of problems in 
residential market. And from current evidences, especially in Spain, the study of the impacts of 
the EPC on the mechanisms regarding to the provision and improvement of dwellings has 
been undertaken.  
 
In fact, EPC in Spain has been executed by force. However, it seems not accepted by publics.  
It is not an easy thing to apply the EPC and to measure different impacts according to the 
degree of energy efficiency. So it is imperative to undertake energy reform and innovated 
technologies. 
 
The reasons that the progress achieved slowly are: the lack of the information between buyers 
and sellers, inaccuracy of energy savings, deficit of public incentives, high investment in the 
first phase, debate about the calculation of energy consumption as well as the obscure 
technologies that public cannot understand (Dascalaki et al., 2012; Antonio et al., 2010; Ekins, 
2008). From the offers’ perspective, strong motivations seem to play an important role in the 
progress of EPC (Nils, 2012). For example, developers devote a large investment in the first 
phase, willing to ask a high price. However, whether these asking prices or rents accepted by 
markets, resulting in enough market premiums (high profit) to promote developers’ behaviors 
are still confused. In this situation, to study the relationship between EPC and asking prices as 
well as the impacts seems imperative. 
 
Even previous studies provided valuable insights into the pricing of sustainable real estate, the 
limitation of specific sector could not give a universal standard and perspective from the whole 
residential market (Fuerst et al. 2015). The existence of submarkets will cause several social 
issues by enhancing the gap of various districts. For example, there are several submarkets 
with different implicit prices of EPC by assumption. The poor will be driven out of a submarket 
they previous live due to the premium of EPC they cannot afford and thus they will move to 
other submarket with less rent or asking prices they can pay. In other words, this isolation will 
result in accelerating energy poverty and a large gap of the contradiction between the poor 
and the rich, becoming environmental and social problems. Moreover, eco-labels are 
perceived as a luxury good in housing market rather than a way to save money on lower utility 
bills (Franz Fuerst et al. 2015), which also contributes to the segregation of markets from 
psychology and go against the diffusion of EPC. From the property market’s perspective, the 
high premium of dwelling prices will run off (Mingche and Jams, 1980). With the additional 
income, they maybe improve dwellings’ condition or install more materials or facilities (i.e. 
central heating, insulation glasses), which can enhance energy efficiency. 
 
In the last two decades, there are a few researches to study the relationship and impact of 
green classifications on residential value, especially in Europe. The most difficulty is to acquire 
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more study cases, valid database as well as details of dwellings, which can enhance the 
reliabilities and avoid unnecessary error or deviation, especially in statistical methods. 
Consequently, it is also the reason that why the study is extremely urgent. 
 
1.2 Objectives and Hypothesis 
1.2.1 General Objective  
The focus of this study aims to construct a model to analyze implicit prices of EPC in different 
indicators and econometric models, detecting whether the spatial influences contribute to 
residential submarkets. For realizing the general objectives, it can be divided into three 
aspects, corresponding to the progress of this thesis.  
 
1) Is there implicit residential price of EPC in Barcelona real estate market? 
2) Whether this implicit price will has a spatial impact, stationary or non-stationary? 
3) If this non-stationary impact exists, is there any relationship between this impact and other 
socioeconomic factors?   
 
Noted that asking prices, the research variable, can represents suppliers’ (developers, 
constructors, brokers, etc.) revealed preference. In other words, the implicit residential asking 
price is a proxy that shows their expectations to the real estate market, which can promote the 
progress of EPC in EU as a significant motivation. 
 
1.2.2 Specific Objectives  
For a better analysis of the three general objectives, specification of    
 
 Information about the influences of EPC on residential values, definition submarkets and 
analysis methods to confirm non-stationary impacts will be collected and listed by state 
of the art. 
 
 An information system is established. It is a system including the delimitation of case 
study (Barcelona Metropolitan Area), collection of asking sale prices as well as the 
information on urban context (i.e. socio-economic, housing, accessibility aspects) 
through Habitaclia (a third brokers to selling and renting houses) and Census. With 
information collected, Geographically Information System (GIS) will be applied for 
geo-positions, outputting the multi-dimension maps. 
 
 Two regression models are established for looking for the existence of spatial 
non-stationary impacts. After depurating, OLS and GWR models are used for detecting 
these impacts. The former is analyzed as the non-spatial statistic while the latter one 
focuses on the spatial distribution of implicit prices and the spatial heterogeneity of 
variables.  
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 After proved the existence of a spatial non-stationary impact, submarkets of EPC can be 
studied for further step, including the relationship to level of educated of people, the built 
areas of dwellings and etc. 
  
1.2.3 Hypothesis  
As previous stated, OLS and GWR models are used to detect the existence of spatial 
stationary impact of EPC. There are several hypothesis for this thesis: 
 
 Normality.  
All the independent variables correspond to the normal distribution based on dependent 
variables, which means the residual is related to normal distribution. 
 
 Independency.  
All the observations are independent related to the dependent variable and there is no 
correlation among all the residual of explanatory variables.  
 
 Non-multicollinearity.  
There is no multicollinearity relationship among all the explanatory variables. It means there is 
no high correlation (correlation coeffcicient > 0.70). 
 
 One-way impact.  
The impact is a single way from explanatory variables to dependent variables, which can use 
OLS model. 
 
 Linearity.  
Explanatory and dependent variables show a linear relationship, which means no curve, no 
nonlinearity forms. 
 
 Homoscedasticity.  
It means that standard errors of residual keep constantly and the covariance is the same, in 
addition to correspond to normal distribution.  
 
 Market limitation. 
For simplifying the model, tax policies and other policies which are difficult to estimate the 
impacts are not taken into consideration. It means that in real estate market, those factors or 
variables which can affect the residential asking prices such as interest rates and revenue are 
excluded. These external factors possibly have a strong influence on residential prices.  
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Chapter 2: Theoretical Framework 
 
2.1 Revealed Preference Theory 
Revealed preference theory was put forward by Paul Samuelson (1938). It means in a certain 
price, consumers’ behaviors expose or reveal their inner preferences. With this theory, 
consumers’ actual preferences can be induced by their behaviors. Contrary to stated 
preference theory (a utility function), it focuses on the logic of “consumers’ 
choices—preference relationships”. 
 
This theory can be distinguished the best choice from behaviors. In other words, consumption 
habit can indicate their preferences. The implicit to utility function in demand theory is difficult 
to calculate, and thus revealed preference theory can make up the deficits, delimiting utility 
function by observing behaviors.  
 
From this theory, we can apply it into this study, which makes the premium asking prices as the 
supplies’ behavior instead of consumers’. The distribution of implicit prices will expose offers’ 
preferences and expectations as well as give a feedback of supplier’ decision and behaviors to 
adjust their strategies, selling behaviors to consumers. 
 
2.2 Hedonic Prices Theory  
Hedonic Price (HP) is one theory, which is widely used for disposing the relationship between 
difference characters of heterogeneous products and prices, especially in real estate market.  
On account of the spatial stationary of real estate market, it is obvious of the heterogeneity, 
which means these characters (i.e. location, stories, direction and structure) have diverse 
“Hedonic Prices”. This leads to the widely use of Hedonic Prices Model in real estate field. As 
the most widely used methods, it can be differentiated in several fields as following: 
 
In traditional theories, cost of transportation and cost of production usually are ignored, due to 
the uniqueness of the city. In addition to detect the existence of submarkets, it also can verify 
and improve classical urban economics theories. For example, in traditional model, prices 
decrease accompanying increased distances from CBD. However, urban area actually is 
heterogeneous. Janssen, et al (2001) document, housing prices correspond to the similar 
tendency, but layout of the facilities, comfortable environment and other sub-centers are also 
impact largely on residential value. And thus it will lead to confuse and failure to identify impact 
factors, if just using traditional methods.  
 
A large of researches focuses on how to using model to obtain rational character prices. For 
example, in residential market, Galster (1992) and Vandell (1995) devoted themselves to 
exploit the impacts of race and socio-economic conditions on property prices. Furthermore, 
Goodman (1995) measured dwelling depreciation by coefficients of characteristic ages. 
Although there are a lot of difficulties to estimate characteristic demands of market, Pasha and 
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Butts (1996) tried to obtain characteristic demand parameter of single property. 
 
The underlying thinking of HP method is to decompose dwellings’ prices and exhibit implicit 
prices for every part. Based on the stable characteristics of properties, those factors which can 
affect the prices fluctuated will be analyzed and results can show different extent weighted 
varieties. 
 
According to this theory, the relationship between housing prices and hedonic variables can be 
described simply as following: 
                          𝐿𝑛 𝑃 = 𝑐 + ∑ 𝛽𝑛
𝑁
𝑛=1 𝑋𝑛 + 𝜀                          (2.1) 
𝑃: Housing prices  
𝛽𝑛: Coefficients of different variables 
𝑋𝑛: Different dimension variables which have impact on housing prices 
𝜀: The residual of this model 
 
Until now, there is no a clear and accurate indicator system can include all the relative 
variables impacts on residential prices in a full-scale angle. So for different research objectives, 
there are different slight changeable equations for calculation. 
 
For instances, Fuerst et al. (2015) put forth three models (equation 2.2- 2.4) to explore the 
impacts of eco-labels on residential prices. These three models are based on different 
variables, which explores the degree of impact of eco-label on residential prices. 
 
log 𝑃(𝑖,𝑗,𝑡) = 𝑎0 + 𝑎1𝑇(𝑖,𝑗) + 𝑎2𝐺𝑖 + 𝑎3𝐺𝑖𝑇(𝑖,𝑗) + ∑ 𝑎4𝑚𝑚 𝑋(𝑖,𝑗)
𝑚 + ∑ 𝑎5
𝑛𝑁𝑛 𝐸𝑘
𝑛 + ∑ 𝑎6
𝑡
𝑡 𝐷𝑡 + 𝜀(𝑖,𝑗)   (2.2) 
 
log 𝑃(𝑖,𝑗,𝑡) = 𝑎0 + 𝑎1𝑇(𝑖,𝑗) + 𝑎2𝐺𝑖 + 𝑎3𝐺𝑖𝑇(𝑖,𝑗) + ∑ 𝑎4𝑚𝑚 𝑋(𝑖,𝑗)
𝑚 + ∑ 𝑎5
𝑛𝑁𝑛 𝐸𝑘
𝑛 + ∑ 𝑎6
𝛿
𝛿 𝐻𝐻(𝑖,𝑗)
𝛿 +
∑ 𝑎7
𝑡
𝑡 𝐷𝑡 + 𝜀(𝑖,𝑗)                                                                  (2.3) 
 
log 𝑃(𝑖,𝑗,𝑡) = 𝑎0 + 𝑎1𝑇(𝑖,𝑗) + 𝑎2𝐺𝑖 + 𝑎3𝐺𝑖𝑇(𝑖,𝑗) + ∑ 𝑎4𝑚𝑚 𝑋(𝑖,𝑗)
𝑚 + ∑ 𝑎5
𝑛𝑁𝑛 𝐸𝑘
𝑛 + ∑ 𝑎6
𝛿
𝛿 𝐻𝐻(𝑖,𝑗)
𝛿 +
∑ 𝑎7
𝑡
𝑡 𝐷𝑡 + ∑ 𝑎8
𝑡
𝑡 𝐺𝑖𝐷𝑡 + 𝜀(𝑖,𝑗)                                                       (2.4) 
 
𝑃(𝑖,𝑗,𝑡): New condominium price of condominium 𝑖 and dwelling 𝑗 at time 𝑡. 
𝐺𝑖: Green label of condominium 𝑖. 
𝑋(𝑖,𝑗): Building characteristics of condominium 𝑖 and dwelling 𝑗. 
𝑁𝐸𝑘: Location Characteristics of region 𝑘. 
𝐻𝐻(𝑖,𝑗): Buyer characteristics of condominium 𝑖 and dwelling 𝑗. 
 
While Carlos et al. (2009) established a HP model to explore the impacts of noise on 
Barcelona residential prices. The model is set as equation (2.5). 
 
𝐿𝑛(𝑃)𝑖 = 𝐵𝑖 + ∑ 𝐵𝑖𝑠𝑆𝑖𝑠 +
𝑛
𝑠=1 ∑ 𝐵𝑖𝑎𝐴𝑖𝑎 +
𝑛
𝑎=1 ∑ 𝐵𝑖𝑛𝑁𝑖𝑛 +
𝑛
𝑛=1 ∑ 𝐵𝑖𝑒𝐸𝑖𝑒 +
𝑛
𝑒=1 𝜀𝑖   (2.5) 
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Sis: Variables in structural dimension; 
Aia: Variables in accessible dimension; 
Nin: Variables in neighborhood dimension; 
Eie: Variables in environmental dimension; 
εi: Residual of every case. 
 
According to these models, a specified model corresponding to the objectives is established in 
the following chapter 4. 
 
2.3 Externalities of Residential Prices 
Externalities are also called the exterior influences, which indicates actions or behaviors of 
individual or groups will have positive or negative impacts on other individuals and groups. 
Externalities of residential prices mainly focus on the housing prices impacting on public 
generation, industries and society. For example, referring to market premium by certificated 
houses, the poor probably are excluded by high rent. It means that an impoverished district 
with more energy consumption maybe shaped, which deepens the gap of different classes and 
is apt to trigger the environmental and social problems as well as contradictions. 
 
Theory of externalities consisted by the main two phases with efforts by many economists. 
 
1) Bases of Externality 
A British economist is credited with having initiated the formal study of externalities. Arthur C. 
Pigou (1912) are credited the first concepts and spillover effects. From the Welfare Economics, 
he analyzed externality systematically with Modern Economics methods. It expanded research 
scale from impacts of out factors on enterprises to impacts of individual or enterprises on other 
enterprises. It documented the internalization of spillover effects by taxes and subsidies.  
 
2) Development of the theory 
Coase (1960) emphasized theory of Pigou (1912) faced large limitations. He indicated that the 
externality is not only the invasion from one to another, but also the interactional between 
several participants. For resolving problems, costs of different policies should be noticed, 
which means tax of Pigou (1912) may be invalid or low efficiency of policies.  
 
In this thesis, implicit asking prices represent a diffusion trend, which can be called as price 
externalities. This externality has impact on two aspects. Firstly, economic externalities will 
enhance economic correlation between different zones, which may blur the boundaries among 
these zones (administrated borders or economic borders). Cross regions of these zones will 
stand a different acceptance to asking prices, resulting in a new HP function and relative 
variables. With the new tolerance of residential prices, social externalities possibly exclude 
those people not affordable to pay the prices and move to other district with lower asking 
prices, resulting in an aggregation of deficient neighborhood. This social externality is negative 
for those people and causes possibly a numerous social problems such as the poverty and 
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high delinquency blocks, which further decreases dwelling value in these blocks.   
 
2.4 Market Segmentation 
The concept of market segmentation was proposed by U.S. marketing researcher Wendell R. 
Smith in 1956. It suggests that the marketers divide the whole markets into several 
submarkets by investigating the differences of demands, preferences, consume behaviors. 
With different targeted factors, submarkets will be identified such as geographic segmentation, 
demographic segmentation, behavioral segmentation, psychographic segmentation cultural 
segmentation, etc., which will influence the whole market. For this thesis, there are two 
assumptions related to behavioral segmentation: 
 
 Markets can be divided into small parts because of the total of the relation among 
different rating of EPC. 
 Supplier in real estate market offer heterogeneous dwellings 
 
However, how to define effective submarkets is difficult, especially for some special purposes. 
In this thesis, we assumed that the market will be segmented by EPC distribution which can be 
examined from the following dimension: 
 
 Measurability 
Different submarkets should, in a reasonable range, distinguish obviously, which can give 
guidance for standard and criteria of submarket. If it is very difficult to balance demands and 
characters (i.e. consumer psychology), the border will be obscure, which shows it cannot 
make a difference. 
 
It means that all the variables impact on segmentation should be measured quantitatively. If no, 
the variable should be set as the dummies or proxies for the same meaning. It can give a 
quantitative border for submarket and it is the premise of this thesis. In this way models can be 
used for calculation rather than analysis based on a quality aspect. 
 
 Accessibility 
Accessibility shows the actions or behaviors can be executed in different submarkets, which 
resulting in interaction among various submarkets. Understanding the impacts, measures can 
be taken into consideration to improve current situation or promote the development of 
markets.  
 
For this thesis, it can offer an aspect that accessibility is a very important factor to identify and 
develop the submarkets. Therefore in the following chapter about how to establish an 
information indicator system, accessibility is a significant dimension considered.  
 
 Heterogeneity  
Heterogeneity, the bases of submarket concept, indicates different level of reflection when 
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facing to different main factors. In other words, it means the dominant element varies in 
housing market segmentations. 
 
For this thesis, EPCs assumed as the dominant variables which will have a heterogeneous 
impact on housing asking prices due to the hot debates of this theme and the successful 
promotion of EPC progress. 
 
2.5 Spatial Non-Stationary 
How to find a quantitative approach governing social processes or enhancing the validity has 
puzzled social scientists for a long time. This dilemma can be divided into two clearly 
sub-problems. 
 
The first is that the data unreliability causes the inaccurate models. For instance, in terms of 
the R-square, it means the degree of the results can represent the size of samples. However, 
majority of the real data just can obtain R-square lower than 70%, which in fact will impact the 
accuracy.  
 
The second is the adequate applications with the same models in different real situation. It 
means that models have their own characteristics and rarely can be replicated exactly in 
another one. For instances, the same parameters describing in the results shows a positive 
relationship among these variables but negative in another model.  
 
There is a different situation between physical and social research in some degree. The former 
more focus on the universal uses which means the model is “stationary”, however, especially 
in the spatial dimension, the latter in majorities shows a “non-stationary variety”, which 
indicates that the measurement of a relationship depends in part on where the measurement 
is taken. In essences, in this thesis for the EPC impact on housing prices is the same topic 
about the spatial stationary or non-stationary. Though the previous studies, any relationship 
with a spatial non-stationary cannot be represented perfectly by global analysis and statistic, 
even results of the global one will mislead the real relationship locally. Consequently, it is 
useful to speculate on whether the relationships vary over space.  
 
In terms of the reason why spatial non-stationary relationship is important for social 
investigations, there are three as following: 
 
1) The first reason is to relate to sampling variation. When the dataset is separated with 
several sub-sets and sub-models are obtained subsequently, researchers cannot get a 
universal model due to the variation with different sub-datasets. 
 
2) A second cause of observed spatial non-stationary relationship is that the relationships are 
intrinsically different across whole space. For the investigation of the preference of EPC to 
public, people living in different districts may have different preferences and attitudes to 
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EPC. It is acknowledged that if the houses located where with a mild climate, the willing to 
pay more money on improvement the EPC seems lower than those in extreme ones. This 
intrinsic distribution dependent on space resulting in inaccurate analysis.  
 
3) A third possible causes of observed spatial non-stationarity is that the global model gives a 
misspecification of reality. That is to say, with global models, it will give a results omitted 
several variables by an incorrect functional form. According to the previous stated, the 
results of the global model cannot give an accurate and full details in the spatial map, 
resulting in misspecification and misunderstanding to the research theme. Those variables 
attributed to spatial non-stationarity are maybe in the global model omitted and therefore 
checking the spatial stationarity can eliminate these intrinsic locally. 
 
2.6 Summaries  
As this chapter previous stated, a framework can be draft as the blow. It explains every 
progress corresponding to relative theories.  
 
Based on the suppliers’ revealed preference, an asking price, which is the expectation of EPC 
appears in real estate market. In order to identify the acceptance of this price, HP model will be 
employed for estimation implicit prices of EPC. Along with the economic and social 
externalities, the whole market will be divided into a series of submarkets by spatial analysis, 
resulting in adjusted strategies for suppliers. 
 
 
Figure 2.1: Framework of Theories 
 Source: Self Elaboration 
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Chapter 3: State of the art 
 
3.1 Repercussions on Green Investment 
In the past decades, a huge number of individuals and organizations has risen a heightened 
concern towards the natural and social environment. A lot of studies concern such as 
environmental damage, surrounding energy security, legislation and incentives of energy 
efficiency, which contributes to a growth public awareness of green issues (Fuerst, et al., 2011). 
However, stakeholders (i.e. constructors, developers, investors and occupiers) seem to fall 
into a “circle of blame”, which means they are waiting for other participants taking actions and 
thus a vicious circle accelerates a dilemma of energy efficiency in buildings.  
 
To satisfy tenants’ comfort, landlord should reform the energy saving facilities of houses, 
resulting two consequences: 1) increase the investment；2) avoid the depreciation of houses. 
Normally, landlord will convert the green premium to rents for alleviating risk of investment to 
sustainable energy facilities. In remote district, consumption fee monthly will rise in a rapid rate 
comparing with those with green certificates. There may be a higher fee for maintenance in 
inefficient old houses. From these studies noticed above, investment to promotion and 
improvement of green facilities will flow back to investors, in the form of higher rent or 
additional service charge.  
 
Apart from the financial aspects, a green labeled building also have impacts on non-financial 
issues. Guertler et al. (2005) explained the effective reform in office markets can attract more 
tenants, especially for those want have a long-term lease due to the lower fee of consumption 
and maintenance. The non-financial impacts also include improvement of office environment, 
promotion employers’ satisfaction and low rate of absence in terms of green investment, 
resulting higher work efficiency and profit for corporations. Miller, et al. (2008) also pointed out 
that responders feel more confortable for nice environment, contributing to promoting staffs’ 
efficiency and incentive. Nevertheless, Ekins and Lees (2008) argued there is no remarkable 
evidence comparing certificated buildings to normal ones. 
 
In general, there are a lot of reasons for implementations of green investment from investors’ 
perspectives, but more barriers exist in terms of effective and cost.   
 
Turning to brokers’ perspective, different levels of implicit prices of energy saving facilities 
have impact on brokers’ efficiency and profits, leading to different measures and strategies 
that brokers take. Groot et al. (2011) classified brokerage firms’ transactions in three different 
price levels (high, middle, low) and concluded the price effects has an impact on the relatively 
efficiency measure of firms. They showed the agents, within high-price transaction category, 
earn more profit (p=0.286) and have a lower efficiency level (p=-0.133), using data 
envelopment analysis (DEA) method of 2802 observations. Contrary to results of DEA method, 
these results using standardized regression coefficients indicated that efficiency has strongest 
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impact on profit, which means a higher efficiency level of 1 percent is associated with a higher 
profit level of euro 2308 (Groot et al., 2011). 
 
3.2 Impacts of Energy Performance Certificates on Prices 
By 2013 there were 21 published studies (3 in Europe) on the relationship between energy 
certification and property prices (Mudgal et al., 2013). Of these the most referenced office 
buildings. Thus, in the US the premium for LEED certified office buildings ranges from zero 
(Eichholtz et al., 2010) to 25% (Fuerst & McAllister, 2011). Energy Star was going from 5.8% of 
the study by Miller et al. (2008) up to 26% of study Fuerst & McAllister (op. Cit.). In the work 
awarded by the American Real Estate Society of Das et al. (2011) they found that green 
certificates, based on the analysis of the office market in San Francisco and Washington, are 
more important in recessionary cycles than in expansive ones. Das et al. (2014) concluded the 
different impacts of LEED and Energy Star certifications on official rent in 12 US metropolitan 
areas, indicating that it depends on the economic cycle and the type of buildings. The relative 
abundance of studies in the non-residential market highlights the wider dissemination of the 
certificates (especially in the US) and greater transparency / ease of access to the data 
needed for study.  
 
And therefore there is the necessity to strengthen the study of the residential market, while 
consumption in Europe who is responsible for 40% of energy release and 38% of CO2 
emissions is highlighted (Arcipowska 2014). Mudgal et al. (2013) documented that the impact 
of different stages of the EPC on selling prices is varied, ranging from only 0.4% in Oxford up 
to 11% in Vienna, while the rents ranged from -4% in Oxford to 6% in Vienna. In general, EPC 
has a more significant impact on selling prices rather than rents and it also shows the impacts 
in hinterland (except Austria) is higher than coastal ones. Subsequently, Barthelmes (2014) 
found in the Turin residential market every step of the energy certification may result in a 
WTP-market premium of 26.44 euros / m2. 
 
However, not every energy certificates will contribute to market premium. There are some 
exceptions here to show the strange phenomenon, which can remind us whether there are 
deviated cases or invalid factors which should avoid when casting the model and collecting the 
data. Yoshida and Sugiura (2011) found in his study for Tokyo, the prices of worst buildings in 
terms of energy efficiency are higher. The authors argued this contradictory results to the fact 
that in some cases the Japanese green certificates (TGLSC) ignored the poor quality and 
location of buildings. And therefore, it is necessary to build more accurate econometric models 
from a locational perspective and also control the quality of the building. 
 
Fuerst et al. (2015), from the study of 300 thousand homes in England, they have found that 
the greatest impact of the EPC is produced in the terraced houses and in the apartments, 
which are higher than those in isolated houses. It means that the potential savings in 
consumption are more important for cheaper housing occupied, especially for those with lower 
income. Both the functional forms of the models used should be carefully studied, due to the 
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possible existence of energy submarkets with socio-economic implications. 
 
3.3 Define Submarket of Housing  
Such submarkets are usually defined in terms of graphically, areas or the physical 
characteristics of the dwellings. When spatial dimensions are used, housing market 
segmentation can rely on pre-existing geographic or political boundaries (Adair et al., 1996; 
Goodman and Kawai, 1982; Schnare and Struyk, 1976) or spatial partitions based on 
socio-economic or environmental characteristics (Galster, 1987; Harsman and Quigley, 1995; 
Schnare, 1980). Another way of delineating submarkets in spatial terms is offered by Palm 
(1978). She argued that information constraints and search costs probably segment an urban 
housing market into different submarkets.  
 
Some researchers have used statistical techniques to define housing submarkets. Maclennan 
and Tu (1996) investigate the structure of housing submarkets in Glasgow. They used 
principal component analysis to identify the individual variables that explain the highest 
proportion of the variation in the data. These variables are then used as the basis for cluster 
analysis, which in turn defines their submarkets. Goodman and Thibodeau (1998) use 
hierarchical methods to define submarkets in a study that focuses on the role of school 
districts in Dallas. Bourassa et al. (1999) use principal component analysis and cluster 
analysis to form housing submarkets for Sydney and Melbourne, Australia. A focus on hedonic 
prices is appropriate, however, if the aim is to segment housing markets for the purposes of 
premium of energy certificates, either for property taxation or mortgage underwriting purposes. 
In this case, the market is divided into segments by the sale prices and levels of the energy 
certificates. Bourassa et al. (1999) calculate weighted mean square errors from hedonic 
equations estimated for alternative definitions of submarkets.  
 
3.4 Application of Methods in Housing Market Segmentation  
3.4.1 Hedonic Prices Method 
It is important for quality-based housing market segmentation. Goodman and Thibodeau (1998) 
stated that hedonic methods characterize a house as a bundle of size, rooms, bathrooms, floor 
spaces, heating types, hardwood floors and other qualitative characteristics. Based on 
residential prices determination technique, Straszheim (1974), additional variables (i.e. school 
quality and racial mix) should be taken into the hedonic regression. 
 
Concerning the primer determinant for housing market segmentation, a lot of scholarly 
literatures test the housing price is the primer one. Tu (1997) explained if there are constant 
and significant heterogeneities in non-spatial hedonic housing prices between different groups, 
housing submarkets will be defined the existence. Subsequently, Lipscomb and Farmer (2005) 
compared non-spatial disturbance corrections, typically spatial autocorrelation and Ordinal 
Least Square (OLS) estimation in heterogeneity issues. Goodman and Dubin (1990) 
developed Hedonic model and took hedonic price coefficient as a shadow prices for attributes 
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of houses.  
3.4.2 Economic Equilibrium Models and Discrete Choice Models 
Goodman and Thibodeau (1998) pointed out that the residential submarkets are the products 
of relationship between supply and demand. Likewise, Straszheim (1974) supported that the 
delimitation of submarkets is influenced by supply and demand, which may results in a unique 
price structure in each of the submarkets. When equilibrium breaks, structure of urban 
residential markets will have an intensive change (O’Sullivan and Gibb, 2002). They argued 
the reason is the slower housing supply than demand. For assumption of the curve of supply 
and demand, Schnare and Struyk (1976) demonstrated inelastic demand in certain district or 
inelastic supply of specific housing types may compartmentalize into numerous submarkets. 
 
Additional to basis of supply and demand, many researchers devote to application with 
different theories to identify the equilibrium of the housing market. Tu (1997) employed the 
“dynamic stock-flow model” to calculate the structural equilibrium proportion and disequilibrium 
one, which extended by O’Sullivan and Gibb in 2002 with empirical study. With the locational 
equilibrium theory, Sieg et al. (2002) stated that the houses with the same characters could be 
as a homogeneous commodity, namely a submarket. 
 
Apart from the physical characters of houses, preferences of households should be taken into 
consideration. However, the heterogeneity of individual preference is difficult to identify until 
now. Bayer et al. (2003) developed random utility model by McFadden (1973，1978) and 
defined housing decision of location by a discrete choice model. Ellickson (1981) as well as 
Lerman and Kern (1983) adopted a multinomial logit model. The former based on bidding 
theory and the latter one is to estimate the WTP for housing characters.   
3.4.3 Spatial Statistics  
As a new stream of this study field, spatial statistics is employed widely. Tu et al. (2007) used 
spatial autocorrelation model to estimate hedonic residual of market and aggregate the 
clusters to submarket level. The model is set as the following, equation (3.1) shows the basic 
model that is more similar to function and the equation (3.2) shows the spatial weighted 
distances how to calculate for analysis cluster of submarkets. 
 
                                             𝐿𝑜𝑔(𝑷) = 𝑓(𝑿) + 𝜺                                       
(3.1) 
 
                    𝛾(𝑙𝑖 − 𝑙𝑗) = 0.05𝑉𝐴𝑅{𝜀(𝑙𝑖) − 𝜀(𝑙𝑗)} = 𝐶(0) − 𝐶(𝑙𝑖 − 𝑙𝑗)                       
(3.2) 
 
Similarly, Bourassa et al. (2007) emphasized that geo-statistical methods perform better than 
a simple OLS model. Pavlov (2000) assumed the unobserved characteristic in a certain 
location would not change in a short distance, but proved it cannot afford to a coefficient of 
global optima. 
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Using fuzzy clustering method to delineate the fuzzy set membership degree of census tracts 
of housing market segmentations (Hwang and Thill 2007). Neural networks cannot give a 
global optima, however Tom Kauko (2002) devoted to combine neural network and hedonic 
model for spatial analysis, which can obtain a better accuracy of results. 
 
How to determine the optimal number of submarkets becomes a significant issue. Bourassa, 
(2003) indicated k-means clustering algorithm is an effective method after comparing it and 
neural networks. However, Baier et al. (2007) revealed the Xie-Beni index is the most efficient 
method. 
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Chapter 4: Methodology 
 
In general, this study explores the impacts of EPC on residential value and existence of 
housing market segmentation measured by Hedonic Price Model which can give us the 
answer whether there is implicit prices of EPC and by Graphically Weighted Regression which 
focus on the non-stationary spatial impacts of different level of EPC, indicating the exists of 
sub-markets of EPC. It means if the results prove there is a spatial discontinuity, the 
relationship between this non-stationary impact and socioeconomic distribution of population 
will be detected. 
 
4.1 Scope of the study 
Barcelona (100 km2 and 1.59 million people) has the second largest metropolitan area in 
Spain (3.200km2 and 4.85 million people). It is consisted by 184 municipalities, such as 
Barcelona city, Terrassa, Sabadell and etc. Thanks to Habitaclia, the website for selling and 
rent properties, it offers selling prices in Region Metropolitan Barcelona (RMB) as a data set or 
analysis. And the other reason for choosing RMB is that there are limitations to the functional 
delimitation made using travel-to-work data, the following table shows the main municipalities 
for this data set. 
 
Table 4.1:Main Municipalities of Region Metropolitan Barcelona 
Municipalities Frequency Percent 
Hospitalet de Llobregat (L') 1203 1.70% 
Calafell 1205 1.70% 
Sitges 1216 1.70% 
Rubí 1325 1.90% 
Castelldefels 1339 1.90% 
Lloret de Mar 1613 2.30% 
Sant Cugat del Vallès 1643 2.30% 
Mataró 1985 2.80% 
Badalona 2520 3.50% 
Sabadell 2939 4.10% 
Terrassa 4160 5.80% 
Barcelona 15933 22.40% 
Sources: Self Elaboration  
 
As the above table, it is obvious that Barcelona city is the dominant municipality of RMB, which 
means that the residential market in Barcelona city can in a certain extent represent this 
market in RMB.  
 
Similarly, there are also several advantages related to the choice. Firstly, there are a 
numerous studies about spatial influences on Barcelona, and thus it can offer enough 
evidences and opinions for this study to analysis spatial non-stationary impacts on implicit 
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asking prices. Meanwhile, it also facilitates to acquire enough spatial data, thanks to official 
government website about the spatial research of RMB. Then regarding to the green label, 
namely EPC in RMB, this progress has achieved successfully in certain extent，which means 
that properties with certificates is RMB are larger than other metropolitan. In other word, if this 
study proves the existence of EPC has spatial non-stationary impact on residential prices, 
relative strategies can be employed which helps the promotion of EPC and further it can 
reduce the energy consumption, contributing to a nice environmental city and taking examples 
for other Spanish cities. 
 
 
Figure 4.1: Barcelona landscape 
 
All the data for this thesis is collected in May of 2016 and the main target metropolitans are 
Region Metropolitan Barcelona  
 
Table 4.1: Statistical Description of RMB 
 Frequency Percent Valid Percent Cumulative Percent 
 AM_BARCELONA 71263 100 100 100 
                                                      Sources: Self Elaboration 
 
In this description, there are 71263 properties in Region Metropolitan Barcelona selling, which 
shows a robust numbers of samples.  
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Figure 4.2: Delimitation Barcelona Metropolitan Areas 
 
4.2 Methodologies  
4.2.1 Qualitative method 
As previous stated, the reasons that Barcelona is chosen as the case study has been 
delimited. Subsequently, housing features, asking price and rents are acquired by collection in 
Habitaclia, which can offer the basic understanding of Barcelona residential market and also 
basically deport these invalid factors and cases. Afterward, various cases are put into the map 
to identify the relative positions and give a direct sight of these data. Further, information of the 
urban context is acquired from Census, including aspects of socioeconomic, housing, 
accessibility etc. Finally, a dataset and constriction of indicators can be gained, which provides 
the underlying for the following step.  
4.2.2.Quantitative method 
In order to explore the existence of stationary impacts, there are two main models used as 
Hedonic price model and Geographically weighted regression. 
1) Hedonic price model 
HP approach is the most widely used method for elaborating housing value. In this study, the 
most significance of HP model is to find the marginal prices of attributes, which deriving from 
revealed behaviors of offers (i.e. brokers, developers, resold households etc.). And thus the 
implicit prices of EPC can be identified, which is the bases of this study for energy spatial 
submarkets. However, there are also some limitations, such as offers’ expectation to EPC, lack 
of information between demand and supply sides resulting in logged effects etc. 
 
So when HP applies, the goals to exploration submarkets should be taken into consideration 
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leading to different formulation of HP. Variables and dummies also represent in full scale.  
2) Geographically weighted regression 
Geographically weighted regression (GWR) is a local version of spatial regression that 
generates parameters disaggregated by the spatial units of analysis (Brunsdon et al. 
1996).  This allows assessment of the spatial heterogeneity in the estimated relationships 
between the independent and dependent variables. 
 
This study is to prove the existence of submarkets by determining local coefficients that are 
different over the city. “Soft borders” between different local calibrations can allow 
interdependences into consideration in a softened way and resolve space dependencies (i.e. 
autocorrelation). And thus identification of the relationship between the implicit prices and 
localized attributes seems important. Consecutively, Monte Carlo test will be performed to 
validate the spatial variation of local factors and confirm the regression coefficients are equal 
or not in different data group respectively. 
 
Finally, results will be analyzed and give a conclusion about the existence of energy spatial 
non-stationary impact and whether there is any relationship between EPCs and 
socioeconomic distribution of population. 
 
4.3 Models 
4.3.1 Hedonic Prices Model 
This model used in this thesis is specified in equation (4.1). As previous stated, there are 
numerous articles and studies concentrating on the choices of variables and building indicator 
system, however, a universal indicator system for hedonic prices model corresponding to 
different zones seems still no existence. After considering (Roca, 2005), extracting variables 
dependent on different dimension, the equation related to Barcelona Metropolitan Area has 
been established as following: 
 
𝐿𝑛(𝑃)𝑖 = 𝐵𝑖 + ∑ 𝐵𝑖𝑠
𝑛
𝑠=1
𝑆𝑖𝑠 + ∑ 𝐵𝑖𝑚
𝑛
𝑚=1
𝑄𝑖𝑚 + ∑ 𝐵𝑖𝑎𝐴𝑖𝑎
𝑛
𝑎=1
+ ∑ 𝐵𝑖𝑛𝑁𝑖𝑛 +
𝑛
𝑛=1
∑ 𝐵𝑖𝑒𝐸𝑖𝑒
𝑛
𝑒=1
∑ 𝐵𝑖𝑞𝑇𝑖𝑞
𝑛
𝑞=1
 + 𝜀𝑖  
(4.1) 
𝐿𝑛(𝑃)𝑖 : Semi-log Gross prices of property the 𝑖𝑡ℎ  case. 
 𝐵𝑖: The intercept of every case 
𝐵𝑖𝑠: The coefficient of the 𝑖
𝑡ℎ case in the 𝑠𝑡ℎ variables.  
𝑆𝑖𝑠: The variables in Structural dimension of the 𝑖
𝑡ℎ case in the 𝑠𝑡ℎ  
𝑄𝑖𝑚: The variables in Quality dimension of the 𝑖
𝑡ℎ case in the 𝑚𝑡ℎ  
𝐴𝑖𝑎: The variables in Accessibility dimension of the 𝑖
𝑡ℎ case in the 𝑎𝑡ℎ 
𝑁𝑖𝑛: The variables in Neighborhood dimension of the 𝑖
𝑡ℎ case in the 𝑛𝑡ℎ 
𝐸𝑖𝑒: The variables in Environment dimension of the 𝑖
𝑡ℎ case in the 𝑒𝑡ℎ 
𝑇𝑖𝑞: The variables in Temperature dimension of the 𝑖
𝑡ℎ case in the 𝑞𝑡ℎ. 
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εi: The residual of the 𝑖
𝑡ℎ case. 
 
More details of the variable dimension will be discussed in the following chapter. After 
comparing with the parameter estimation of linearity hedonic prices, semi-log function is 
chosen as the final model for calculation. 
 
There are three reasons for why use semi-log as the dependent variable (Carlos et al., 2009):   
(1) The transformation of the dependent variable suggested by Cox and Box (Kemp, 1996) 
suggests that, as 𝜆 is close to zero, the price is linked in this way to the set of covariates; 
(2) In the EPC HP literature it is the most widely used functional specification because, among 
other things, it helps to normalize the price and residual distribution and allows the results 
from different studies to be compared (Bateman et al., 2001; Navrud, 2002; Bjorner, 2003); 
(3) Since it is calculated as a semi-elasticity, the EPC coefficient allows the EPC to be 
determined directly (Nelson, 1980, 2004, 2008) 
 
This model is calculated mainly by software ArcGIS and SPSS. The former one can give a 
spatial location to different properties, obtaining the spatial variable (e.g. longitude and latitude 
for every points in the map), while the latter one will apply this model by linear regression 
analysis, which can give a OLS model for subsequent comparison with spatial model.  
 
4.3.2 Geographically Weighted Regression Model 
This model is applied by software GWR 3.0. There are two equations for this part: 
1) Global regression model 
 
                                      𝑦𝑖 = 𝛽0 + ∑ 𝛽𝑘𝑘 𝑥𝑖𝑘 + 𝜀𝑖                        
        (4.2) 
   
2) Local regression model 
 
𝑦𝑖 = 𝛽0(𝑢𝑖, 𝑣𝑖) + ∑ 𝛽𝑘𝑘 (𝑢𝑖, 𝑣𝑖)𝑥𝑖𝑘 +
𝜀𝑖                                                      (4.3) 
 
where (ui, vi) denotes the coordinates of the ith point in space and βk(ui, vi) is a realization 
of the continuous function βk(u, v) at point i. That is, a continuous surface of parameter 
values is allowed and measurements of this surface are taken at certain points to denote the 
spatial variability of the surface. Note that equation (4.2) is a special case of equation (4.3) in 
which the parameters are assumed to be spatially invariant. Thus the GWR equation in (4.3) 
recognizes that spatial variations in relationships might exist and provides a way in which they 
can be measured. 
 
As it stands though, there would appear to be problems in calibrating equation (4.3) because 
there are more unknowns than observed variables. However, models of noun missing do occur 
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in the statistical literature and discussions can be found (Hastie and Tibshirani, 1990; Loader, 
1999). The general approach when handling such models is to note that although an unbiased 
estimate of the local coefficients is not possible, estimates with only a small amount of bias 
can be provided. 
 
The calibration process in GWR can be thought of as a tradeoff between bias and standard 
error. Assuming the parameters exhibit some degree of spatial consistency, then values near 
to the one being estimated should have relatively similar magnitudes and signs. Thus, when 
estimating a parameter at a given location i, one can approximate (4.3) in the region of i by 
(4.2), and perform a regression using a subset of the points in the data set that are close to i. 
Thus, the βk(ui, vi) are estimated for i in the usual way and for the next i, a new subset of 
“nearby” points is used, and so on. These estimates will have some degree of bias, since the 
coefficients of (4.3) will exhibit some drift across the local calibration subset. However, if the 
local sample is large enough, this will allow a calibration to take place – albeit a biased one. 
The greater the size of the local calibration subset, the lower the standard errors of the 
coefficient estimates; but this must be offset against the fact that enlarging this subset 
increased the chance that the coefficient “drift” introduces bias. To reduce this effect, one final 
adjustment to this approach may also be made. Assuming that points in the calibration subset 
farther from i are more likely to have differing coefficients, a weighted calibration is used, so 
that more influence in the calibration is attributable to the points closer to i. 
 
As noted above, the calibration of equation (4.3) assumes implicitly that observed data near to 
location i have more of an influence in the estimation of the βk(ui, vi)s than do data located 
farther from i. In essence, the equation measures the relationships inherent in the model 
around each location i. Hence Weighted Least Squares provides a basis for understanding 
how GWR operates. In GWR an observation is weighted in accordance with its proximity to 
location i so that the weighting of an observation is no longer constant in the calibration but 
varies with i . Data from observations close to i  are weighted more than data from 
observations farther away. That is, 
 
?̂?(𝑢𝑖,𝑣𝑖) = (𝑿
𝑇𝑾(𝑢𝑖,𝑣𝑖)𝑋)
−1𝑿𝑇𝑾(𝑢𝑖,𝑣𝑖)𝒚                   (4.4) 
 
Where the bold type denotes a matrix, β̂ represents an estimate of β, and W(ui,vi) is an n 
by n matrix whose off-diagonal elements are zero and whose diagonal elements denote the 
geographical weighting of each of the n observed data for regression point i. 
 
To see this more clearly, consider the classical regression equation in matrix form: 
 
𝒀 = 𝑿𝜷 + 𝜺                            (4.5) 
 
where the vector of parameters to be estimated, β is constant over space and is estimated by  
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?̂? = (𝑿𝑇𝑿)−1𝑿𝑇𝒀                          (4.6) 
 
The GWR equivalent is  
 
𝒀 = (𝜷 ⊗ 𝑿)𝟏 + 𝜺                         (4.7) 
 
where ⊗ is a logical multiplication operator in which each element of β is multiplied by the 
corresponding element of X. If there are n data points and k explanatory variables, both β 
and X will have dimensions n × (k + 1) and 1 is a (k + 1) × 1 vector of 1s. The matrix β 
now consists of n set of local parameters and has the following structure: β0 (u1,v1) 
𝜷 = [
𝛽0 (𝑢1,𝑣1) 𝛽1 (𝑢1,𝑣1)       … 𝛽3 (𝑢1,𝑣1)
𝛽0 (𝑢2,𝑣2) 𝛽1 (𝑢2,𝑣2)       … 𝛽3 (𝑢2,𝑣2)
𝛽0 (𝑢𝑛,𝑣𝑛) 𝛽1 (𝑢𝑛,𝑣𝑛)       … 𝛽3 (𝑢𝑛,𝑣𝑛)
]                 (4.8) 
the parameters in each row of the above matrix are estimated by  
 
?̂?(𝑖) = (𝑿𝑇𝑾(𝑖)𝑋)−1𝑿𝑇𝑾(𝑖)𝒀                      (4.9) 
 
where i represents a row of the matrix in (4.8) and W(i) is an n by n spatial weighting 
matrix of the form  
𝑾(𝑖) = [
𝑤𝑖1 0 0
0 𝑤𝑖2 0
0 0 𝑤𝑖𝑛
]                            (4.10) 
 
where win is the weight  given to data point n in the calibration of the model for location i. 
 
The estimator in equation (4.9) is a weighted least squares estimator but rather than having a 
constant weight matrix, the weights in GWR wary according to the location of point i. Hence 
weighting matrix has to be computed for each point i and the weights depict the proximity of 
each data point to the location of i with points in closer proximity carrying more weight in the 
estimation of the parameters for location i. Notice, however, that in equations (4.9) and (4.10) 
there is n reason that i has to be the location of a data point. Local estimates of the 
parameters can in fact be derived for any point in space, regardless of whether or not that 
point is one at which data have been observed. 
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Chapter 5: Information Indicator System 
 
5.1 Data Forms 
The underlying principle of data extraction in this thesis is to obtain the basic data in public 
market trade. Non-deal data cannot directly reflect and represent the real value of properties. 
In addition, this study concentrate on selling market, and therefore those properties without 
entire rights (e.g. non-mortgage, non-rent etc.) are also the primary standard about the data 
extraction. According to these criterions, samples in this thesis are all the selling prices which 
can give an immediate indication to offers’ willing, reflecting the current situation of residential 
market. Related to the quality and characteristics of houses and social information can be 
acquired by Habitalicia and Census. 
 
Moreover, the prices of commercial houses and industrial houses fluctuate dramatically by 
relationship of demand and supply in types of houses terms. And the intensive aggregation of 
these two types houses may lead to the misunderstanding and mis-determination among the 
real estate market. Therefore, residential market is chosen as the target objectives. The 
symmetrical intensity among city space and representational prices can give a universal data, 
which represents more actualities. Meanwhile, in order to avoid the higher prices of unifamily 
dwellings, multifamily ones are considered as the central objectives for better general results. 
 
5.2 Data Collection 
5.2.1 Original Dataset 
There are more than 60,000 properties of residential market in Barcelona Metropolitan Area. 
Stated as following pictures, single-family accounts for 35.6 per cent with 22,556 properties, 
which the multi-family occupies about two thirds (40,844 properties) among the entire 
residential market. 
 
Table 5.1: Descriptive Properties Type (1) 
 Frequency Percentage (%) Cumulative Percentage (%) 
Single-family 22,556 35.6 35.6 
Multi-family 40,844 64.4 100 
Total  63,400 100  
Sources: Self Elaboration  
 
In multi-family terms, there are 7 types of properties: apartment, attic, duplex, studio, loft, flat 
and triplex. Flats account for about forth fifths (79.8%) among the whole multi-family dwellings 
while for studios, lofts and triplex, their accumulation just accounts for less than 1.5% (0.4% 
and 0.5% and 0.4% respectively). In addition, the percentages of apartment, attic and duplex 
fluctuates around 6.5%.  
 
Table 5.2: Description of Type Properties (2) 
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 Frequency Percentage (%) Cumulative Percentage (%) 
Apartment 2,491 6.1 6.1 
Attic 2,548 6.2 12.3 
Duplex 2,722 6.7 19.0 
Studio  152 0.4 19.4 
Loft 210 0.5 19.9 
Flat 32,575 79.8 99.6 
Triplex 146 0.4 100 
Total 40,844 100  
Sources: Self Elaboration  
 
As previous stated, a basic understanding is obtained that in the original dataset, majority of 
the samples are flats, which accords with the realities and enhances the reliability of the 
results. At the meanwhile, other different types of houses give the diversifications of samples. 
5.2.2 Data Input 
All the spatial data are produced according to the map of Spain in 2016 by ArcGIS. Related to 
these vectors data and images, they are integrated into the system of coordinate. In order to 
facilitate the spatial analysis and statistics, a sample for attributes of dataset is as following: 
 
Table 5.3: Descriptive of Variables’ Forms 
Names  Forms  Descriptive  
ID Interger Unique code for every case 
Locations Character Type Location of every dwelling 
Longitude Float Type Longitude of every dwelling 
Latitude Float Type Latitude of every dwelling 
… … … 
Distance to CBD Float Type Distances from dwellings to CBD 
Proportion Isothermal  Float Type Percentage of different isothermal  
Sources: Self Elaboration  
 
According to the location of every property, general orientation can be acquired in Google Map 
and consequently, though the street views counterchecking, the exact addresses will be 
confirmed, which then will be input into ArcMap. 
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Figure 5.1: Properties In ArcMap 
 
5.2.3 General Description for Housing Prices  
For the target objectives (RMB, selling prices and multifamily dwellings), there are 40,844 
properties included in the general dataset. These results are as following: 
 
Table 5.4: Housing Prices and Areas for Multifamily Houses 
 N Min Max Mean Std.Deviation 
Prices per m2 (euros/ m2) 40,844 124 67,280 2,449 1,549 
Prices Gross (euros) 40,844 7,700 7,670,000 247,084 280,186 
Areas (m2) 40,844 20 1,980 94 49 
Sources: Self Elaboration  
 
As stated, the mean of housing prices per meter squares is 2,449 euros per square meter with 
the minimum 124 euros/ m2 and maximum 67,280 euros/ m2. In terms of the gross prices, the 
mean is 247,084 euros while the minimum and maximum are 7,700 euros and 7,670,000 
euros respectively. Similarly, the gap between the minimum and maximum is large with 1,960 
m2 (from 20 to 1,980 m2), however the mean seems more normal with 94 m2. Noted that 
standard deviation of these three variables is so large, prices per meter squares and areas are 
up to half of the mean, especially for gross prices, the standard deviation is more than the 
mean, which indicates that there are a lot of outliers causing the higher bias. 
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Figure 5.2: Statistic Distribution of Price Per Square Meter for Multifamily Houses 
 
The price per square meter in Figure 5.2 is quite apart from normal. That is to say, the original 
dataset did not correspond basically to the standard criterions of hedonic prices model. 
Therefore after eliminating outliers and make the logarithm transformation, this dataset 
becomes more close to normality and can be applied into the first model: hedonic prices 
model. 
 
5.3 Variables and Dummies System 
As the table 5 shows, there are six dimensions in this system with total 50 variables here to 
build the general information indicator system. 
5.3.1 Structural Dimension 
Related to structural dimension, 13 variables are consisted of this sub-set which puts forth the 
physical characteristics of properties. They are prices per square meters, areas, gross prices, 
square areas, numbers of rooms and bathrooms, areas of every room, floors, antiquity, areas 
for terrace and living rooms, with storage room and laundry room or not. 
 
Table 5.5: Structural Dimension Description for Multifamily Houses 
Classification  Variables Description 
Structure 
Prices per m2  ----- 
Gross Areas (m2) ----- 
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Gross prices (euros) (Euros/M2)*M2 
Areas^2 (m4) M2*M2 
No. Rooms Numbers of rooms in the property 
Areas/No. Rooms (m2) Areas of every room  
No. Bathrooms Numbers of bathrooms in the property 
No. Floors Numbers of floor the property states 
Age 2016-constructed years 
Terrace Area (m2) Areas of terrace 
Living room Area (m2) Areas of living room 
Dum_Storage room "1" with a storage room; "0" no 
Dum_Laundry room "1" with a laundry room; "0" no 
Sources: Self Elaboration 
 
In this dimension, two variables are specified, square areas and areas/rooms. They are 
recalculated based on the original date. There are two reasons are as following: 
 
Areas have been entered into the indicator system due to its fundamentality, but luxury flats 
with large areas cannot be easily eliminated by it. Therefore using square areas can recheck 
the depurative progress by enhancing the gap, which facilitates observations. 
 
Figure 5.3: Distribution of Numbers of Bathrooms for Multifamily Houses 
 
In terms of areas per room, through the Pearson correlation test, the number of rooms has a 
higher correlated with areas, which may cause the multi-collinearity without deleting or 
converting these variables, therefore, areas per room is the proxy between the number of 
rooms and gross areas, which can replace these two variables theoretically. More details 
about the validity of these variables will be tested by multi-linear regression model in the 
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following chapter. 
 
For this reason, when variables of structural dimension enter into the calculation, the 
correlations and influences degree should be taken into consideration firstly, which can avoid 
the problems of collinearity.  
5.3.2 Quality Dimension  
In terms of qualities in properties, 8 variables are consisted of this subset, which focus on the 
facilities and household electric appliances, introducing dummies as proxies.  
 
Table 5.6: Quality Dimension Description for Multifamily Houses 
Classification  Variables Description 
Quality  
Dum_Quality of kitchen "1"with high quality; "0" no 
Dum_Air conditioner  "1" with air conditioner; "0" no 
Dum_Heating "1" with heating; "0" no 
Dum_Reform  "1" with reformed; "0" no 
Dum_High quality properties "1" with high quality; "0" no 
Dum_Swimming Pool "1" with swimming pool; "0" no 
Dum_Furniture "1" with furniture; "0" no 
Dum_Elevators "1" with elevators; "0" no 
Sources: Self Elaboration  
 
They are quality of kitchen, air conditioner, heating, high quality in properties, public swimming 
pool, with furniture and elevators 
 
In this dimension, there are three variables about household electric appliances (air 
conditioner, heating and furniture) and three for qualities of this property while two for 
equipment of this building. This dimension concentrates on describing the facilities for the 
property and buildings, which can be extracted as a part of the living environment. Noted that 
total these eight variables are proxies for their own characteristics, which assumes “1” with 
these facilities while “0” no. 
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Figure 5.4: Distribution of Center Heating for Multifamily Houses 
 
Before introducing these dummies, there are several reasons into consideration: 
 
The units of these dimensions are total different and therefore dummies are introduced as the 
non-dimensional criterion, which complicates the multi-linear regression model but simplifies 
the description of problems, resulting in an equation representing two gradations.   
 
Dummies can enhance the validity of the model, which means that with large samples of 
different attributes, the size of samples amplifies, increasing the error degree freedom and 
falling the error variances 
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Figure 5.5: Distribution of Piscine for Multifamily Houses 
 
However, defects also exist with this introduction of dummies. If two dummies reject with each 
other completely, they are imposed on regression models resulting in the “dummy traps”, 
namely multi-collinearity appearance. 
 
5.3.3 Energy Performance Certificates 
It is acknowledged that rating A represents the best energy performance, while rating G shows 
the lowest efficiency of energy. This dimension is the center of this thesis, which be scored by 
numbers from “7” to “1” replacing the rating “A” to “G”, according to the general knowledge 
about this rating. Before this operation, dummy_EPC (no enter into the regression model) 
produces primarily which can filter those properties without EPC, namely just certificated 
properties are the final target size of samples. 
 
Table 5.7: Energy Performance Certificates Dimension Description for Multifamily Houses 
Classification  Variables Description 
EPC 
EPC_A Scored "A"="7" 
EPC_B Scored "B"="6" 
EPC_C Scored "C"="5" 
EPC_D Scored "D"="4" 
EPC_E Scored "E"="3" 
EPC_F Scored "F"="2" 
EPC_G Scored "G"="1" 
Sources: Self Elaboration  
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Figure 5.6: Distribution of EPC for Multifamily Houses 
 
5.3.4 Accessible Dimension  
Related to this dimension, 6 variables consist of the subset. They are about access to highway, 
transport and subway and time to work. Noted that there are two dummies introduced into the 
information indicator system, which is the same meaning with another two variables about 
access to highway and transport. Nearest distances to highway, transport and subway can be 
acquired by the Nearest Neighbor Analysis (NNA) in ArcGIS. However, the meaning of 
distances for those with cars or with public transport is not the same. Hence, introducing the 
dummies about accessibility to highway and transport is also useful. After several trials of 
regression models, the better variables corresponding to samples will be chosen as the final 
variables for this dimension. 
 
Table 5.8: Accessible Dimension Description for Multifamily Houses 
Classification  Variables Description 
Accessibility 
Dum_Access to highway "1" access to highway; "0" no 
Dum_Access to railway "1" access to train; "0" no 
Distances to nearest CBD Km the nearest CBD from properties 
Distances to nearest transport Km the nearest subway from properties 
Distances to nearest highway Km the nearest subway from properties 
Time to work Minutes from home to working places 
Sources: Self Elaboration  
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Figure 5.7: Distribution of Accessibility to Highway for Multifamily Houses 
 
In addition, commuting time house-job place acquired by Census in time minutes unit. It is very 
important for those always travel by public transport. People with the relative housing prices 
are more willing to live near subway (Wang Deqi and Yu Suyong, 2012)  
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Figure 5.8: Distribution of Accessibility to CBD for Multifamily Houses 
 
or bus stations which can give them more available time for entertainment rather than bearing 
crowded traffic. Predicted that the coefficient of commuting is negative due to more time 
wasting on traffic, less precious value of properties. 
 
5.3.5 Neighborhood Dimension 
In neighbor dimension term, three aspects with 11 variables are introduced into the information 
indicator system. For education level, four degrees are collected from Census: proportion of no 
educated, primary educated, secondary educated and third educated. According to general 
descriptions and basic estimations, proportion of secondary one accounts for about 50% 
which means in this dataset, third educated people predominates with a predicted positive 
influence. 
 
 
Figure 5.9: Distribution of Percentage of People with High University Studies for Multifamily 
Houses 
 
Similarly, related to the proportion of income level and building state level, high income and 
perfect buildings are absolutely positive impacts due to the willing to pay higher than 
low-media income households and defected buildings. Hence, low-media income household 
and ruin, bad, deficient buildings are estimated as the negative influence. 
 
Table 5.9: Neighborhood Dimension Description for Multifamily Houses 
Classification  Variables Description 
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Neighborhood 
Education levels 
"Proportion without educated"                         
"Proportion primary educated"                      
"Proportion secondary educated"                 
"Proportion third educated" 
Income levels 
"Proportion high income"                                   
"Proportion medium income"                                
"Proportion lower-medium income" 
Proportion Buildings' states 
"Proportion ruin building"                                    
"Proportion bad building"                                  
"Proportion deficient building"                           
"Proportion perfect building" 
Sources: Self Elaboration  
 
5.3.6 Temperature Dimension 
 
Similarity to Neighborhood dimension, about temperatures, there are also replicated variables 
representing the same meaning. All the variables will enter into the regression model by 
stepwise to filter the best variables for the final model. 
 
 
Figure 5.10: Distribution of Percentage of Isothermally for Multifamily Houses 
 
Table 5.10: Temperature Dimension Description for Multifamily Houses 
Classification  Variables Description 
Temperature 
Temp_January 
Average temperature in January where property 
located  
Temp_July Average temperature in July where property located  
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Temp_Min Minimum temperature around this property 
Temp_Max Maximum temperature around this property 
Proportion Isothermal The proportion means the temperature gap 
Sources: Self Elaboration  
5.4 Outliers Depuration Process 
5.4.1 Outliers 
In statistics, an outlier is an observation point that is distant from other observations. An outlier 
may be due to variability in the measurement or it may indicate experimental error; the latter 
are sometimes excluded from the data set. 
 
Outliers always occur with measurement error or in a heavy-tailed distribution. For the former 
outliers are better to be discard or use statistics to robust them, while for the latter cause, 
choosing compatible tools and models to avoid the high skewness is a nice method, assuming 
for a normal distribution. 
 
In general, outliers will be further away from the sampling mean than what is deemed 
reasonable, which may cause the misuse of tools, erroneous procedures, lower the validity of 
results. However, outliers, being the extreme observations, may include maximum and 
minimum data, which may not be the outliers, corresponding to current state of the problems. 
 
Theoretically, outliers, in the normal distribution, are the data higher or lower than mean add 
twice or three times of the standard deviation, which can be shown below: 
 
𝑜𝑢𝑡𝑙𝑖𝑒𝑟𝑠 = {𝑋|𝑋 ≤ 𝑚𝑒𝑎𝑛 − 3𝜎 𝑜𝑟 𝑋 ≥ 𝑚𝑒𝑎𝑛 + 3𝜎}                   (5.1) 
 
However until now there is not a method or model can detect outliers universally. In some 
degrees it can divide into two aspects: graphical methods (e.g. normal probability plots) and 
model-based methods (e.g. box plots). For previous literature review, there are a lot of 
methods to determine how to eliminate outliers. Which can be summarized as following 
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Figure 5.11: Range of Outliers 
 
Table 5.11: Summary of Outliers Depuration Process 
ID Methods or Models 
1 Chauvenet’s Criterion 
2 Grubbs’ test for outliers 
3 Dixon’s Q test 
4 ASTM E178 standard practice 
5 Mahalanobis distance and leverage 
6 Subspace and correlation based techniques for high-dimensional numerical data 
Sources: Wikipedia 
 
How to deal with an outlier is also very important, depending on the causes. Generally, there 
are five ways to deal with outliers. 
 Review original data set 
Firstly, when an extreme data or point is chosen as a outlier, converting to the original data set 
to check whether there is something wrong with the input process. If input errors are the 
causes, replacing the extreme data with normal one and re-displaying again the filter process 
is a best way. 
 Retention 
When a normal distribution model is appropriate to the data analyzed, outliers are expected 
hold and should not automatically discarded. Using a classification algorithm is a robust way to 
solve this problem. 
 Exclusion 
There is a debate about the necessary to delete outliers directly among scientists. For social 
studies, size of samplings small and with high correlation between various variables will give a 
limit to the validity, discarding directly those outliers. In regression problems, an alternative 
approach may be to exclude points which exhibit a large degree of influence on the estimated 
coefficients, suing a measure such as Cook’s distance. 
 
5.4.2 Determine Outliers 
In this thesis, the basic filter process and Mahalanobis Distances (Mahalanobis, 1936) are 
chosen as the methods for elimination outliers. 
 
Table 5.12: Original Description of Price per Square Meters 
Prices  
(euros/m2) 
N Minimum Maximum Mean Standard Deviation 
40844 124 67,280 2,449 1,549 
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Sources: Self Elaboration 
 
Preliminarily, general description of data set will be produced. As the previous equation (5.1) 
and current states of the study, a specified equation put forth as following: 
 
𝑜𝑢𝑡𝑙𝑖𝑒𝑟𝑠 = {𝑋|𝑋 ≤ 𝑚𝑒𝑎𝑛 − 𝑆𝐷 𝑜𝑟 𝑋 ≥ 𝑚𝑒𝑎𝑛 + 𝑆𝐷}                (5.2) 
 
Mean − SD = 2,449 − 1,549 = 900 
Mean + SD = 2,449 + 1,549 = 3,998 
 
After calculating again, a new description of prices per square meters is produced, the size of 
samplings decreases 6083 extreme cases while the efficiency of all the other indicators seem 
better than the original data set. 
 
Table 5.13: 1st Stage Description of Price per Square Meters for Multifamily Houses 
Prices  
(euros/m2) 
N Minimum Maximum Mean Standard Deviation 
34761 901 3,994 2,093 750 
Sources: Self Elaboration  
 
However, related to the histogram of the prices per square meters, it still shows the abnormal 
distribution, which cannot enter into the linear regression model due to the limited requirement. 
 
The Mahalanobis distance (MD) is used in order to consider all the dwellings attributes in the 
filtering process at the same time. Beyond its statistical robustness, according to Li et al. 
(2005), the MD can be used to remove the flats whose price is not measured, such as the fact 
that expensive houses have “finer decorations and fixtures, floor covering and landscaping”, or 
specific insulation against EPC. “Taking out the cases influenced by omitted variables is crucial, 
since they might bias the model’s regression coefficients, and therefore lead to inefficient 
estimates in the noise hedonic function” (Bateman et al., 2001). 
 
After all variables entered into the regression model and MD coefficients produced for every 
case, a histogram is drawn for revision the strange point. From this chart, the turning point 
indicates the strange MD is about 700. Therefore, a probability of MD calculated for showing 
the significant meaning, which determines all the probabilities less than 0.001 are outliers. 
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Figure 5.12: Description of Mahalanobis Distance for Multifamily Houses 
 
After these two steps filtering, a new statistics description shows as following: 
 
Table 5.14: 2nd Stage Description of Price per Square Meters for Multifamily Houses 
Prices  
(euros/m2) 
N Minimum Maximum Mean Standard Deviation 
32038 901 3,993 2,087 743 
Sources: Self Elaboration 
 
For confirming the filter process function well, histograms of price per square meters and the 
dependent variable - Ln (gross price) produce for revision whether it corresponds to normal 
distribution. 
 
 
Figure 5.13: Description of Prices and Ln (Gross Prices) for Multifamily Houses 
 
From the right histogram, it shows appropriate normal distribution, which means these 32,038 
cases are effective. Meanwhile, there are 4,436 properties with EPC and more details of 
different level are as following: 
 
Table 5.15: Statistic Description of EPC in The Final Sample for Multifamily Houses 
Variables               N Proportion Cumulative 
EPC_A 151 3.40% 3.40% 
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EPC_B 48 1.08% 4.49% 
EPC_C 156 3.52% 8.00% 
EPC_D 473 10.66% 18.67% 
EPC_E 2,235 50.38% 69.05% 
EPC_F 558 12.58% 81.63% 
EPC_G 815 18.37% 100.00% 
TOTAL 4,436 100.00%   
Sources: Self Elaboration 
 
After filtering process, the final data set for regression model and spatial analysis is produced. 
Connecting to the previous information indicator system, the general description of all the 
variables is shown subsequently. And the relative variables are also entered into the GIS for 
revision the distribution. 
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Table 5.16: Statistic Description of Indicators System for Multifamily Houses 
Dimension Variables N Minimum Maximum Mean Std. Deviation Estimated 
Impacts 
Sources  
Structure Price per m2  4,436 901 3,992 2,187 793 + A 
 Gross Area (m2) 4,436 20 313 87.01 31.75 + A 
 Gross price (euros) 4,436 41,800 1,200,000 194,350  117,897. / A 
 Area^2 (m4) 4,436 400 97969 8578.54 7706.56 - A 
 No. Rooms 4,436 1 8 2.95 0.878 + A 
 Areas/No. Rooms (m2) 4,436 8 89 30.69 9.71 + A 
 No. Bathrooms 4,436 0 4 1.35 0.53 + A 
 No. Floors 4,436 0 14 2.09 1.98 / A 
 Age 4,436 0 199 48.44 27.80 - A 
 Terrace area (m2) 4,436 0 180 8.32 16.78 + A 
 Living room area (m2) 4,436 0 65 12.15 12.04 + A 
 Dum_Storage room 4,436 0 1 0.20 0.40 + A 
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 Dum_Laundry room 4,436 0 1 0.50 0.50 + A 
Quality  Dum_Quality of kitchen 4,436 0 1 0.35 0.47 + A 
 Dum_Air conditioner  4,436 0 1 0.44 0.49 + A 
 Dum_Heating 4,436 0 1 0.67 0.47 + A 
 Dum_Reform  4,436 0 1 0.18 0.38 + A 
 Dum_High quality properties 4,436 0 1 0.03 0.17 + A 
 Dum_Swimming Pool 4,436 0 1 0.10 0.30 + A 
 Dum_Furniture 4,436 0 1 0.16 0.36 + A 
 Dum_Elevators 4,436 0 1 0.68 0.46 + A 
EPC EPC_A 4,436 0 1 0.03 0.18 + A 
 EPC_B 4,436 0 1 0.01 0.10 + A 
 EPC_C 4,436 0 1 0.04 0.18 + A 
 EPC_D 4,436 0 1 0.11 0.30 + A 
 EPC_E 4,436 0 1 0.50 0.50 / A 
 43 
 EPC_F 4,436 0 1 0.13 0.33 - A 
 EPC_G 4,436 0 1 0.18 0.38 - A 
Accessibility Dum_Access to highway 4,436 0 1 0.88 0.32 + B 
 Dum_Access to railway 4,436 0 1 0.51 0.50 + B 
 Distances to nearest subway 4,436 0.12 62.01 17.27 14.39 - B 
 Distances to nearest transport 4,436 0 10.14 0.83 1.07 - B 
 Distances to nearest highway 4,436 0.01 11.26 1.91 1.52 - B 
 Time to work 4,436 11.54 41.44 24.21 4.36 - C 
Neighbouhood Proportion without educated  4,436 3.78 45.68 14.66 5.73 - C 
 Proportion primary educated 4,436 8.31 50.74 24.90 5.68 - C 
 Proportion second educated         4,436 20.77 67.1 46.83 5.25 / C 
 Proportion third educated 4,436 0.63 50.55 13.58 8.95 + C 
 Proportion high income 4,436 -2.39 2.61 0.13 0.91 + C 
 Proportion medium income 4,436 -1.26 2.09 0.44 0.50 / C 
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 Proportion lower-medium 
income 
4,436 -2.67 3.36 -0.08 0.84 - C 
 Proportion of buildings in ruin 
condition  
4,436 0 59.38 1.26 2.75 - C 
 Proportion of buildings in bad 
building condition  
4,436 0 40.87 2.73 5.48 - C 
 Proportion of buildings in 
deficient building condition  
4,436 0 73.91 9.73 10.84 - C 
 Proportion of building in 
perfect condition 
4,436 0 100 86.26 14.75 + C 
Temperature Temp_January 4,436 6.10 9.70 8.75 0.90 / B 
 Temp_July 4,436 22 24.70 23.63 0.41 / B 
 Temp_Min 4,436 3.96 6.68 5.84 0.56 / B 
 Temp_Max 4,436 26.57 28.05 27.60 0.29 / B 
 Proportion Isothermal 4,436 30 33 31.90 0.59 / B 
Notes: A) Habitaclia; B) GIS and remote sensing; C) Census 2001; “+” positive impacts; “-” negative impacts; “/” uncertainty.  
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Chapter 6 Results 
 
6.1 OLS model 
This below table shows the OLS model with R2 adjusted equal to 0.772 which means this 
model can explain the 77.2% of the variance of dwellings’ listing selling prices. All the signs of 
covariates and coefficients are based on the 95 per cent confidence interval. In the final 
variable system, structural and quality dimension still account for half of the influenced 
variables, while accessibility dimension follow, where four variables chosen into the model. It 
means that in addition to physical characteristics of property, accessibility is the second 
important influenced dimension in Barcelona.  
 
Table 6.1: Statistic Description of OLS Model 
OLS model 
    R2 
 
0.772 
  R2 adjusted 
 
0.772 
  Sigma(SE) 
 
0.248 
  
  
Unstandarized Coefficients 
 Variable 
 
B SE Sig 
LN total prices 
    (Constant) 
 
10.556  0.028  0.000  
Gross Areas (m2) 
 
0.014  0.000  0.000  
Areas^2 (m4) 
 
-0.000029 0.000  0.000  
No. Bathrooms 
 
0.094  0.009  0.000  
Dummy Swimming Pool 
 
0.113  0.013  0.000  
Terrace Areas 
 
0.002  0.000  0.000  
Dummy Elevator 
 
0.118  0.008  0.000  
Dummy Quality Kitchen 
 
0.054  0.008  0.000  
Dummy Air Conditioner 
 
0.060  0.008  0.000  
Dummy Heating 
 
0.077  0.009  0.000  
Dummy High Quality Properties 
 
0.059  0.022  0.007  
EPC_A 
 
0.099  0.021  0.000  
EPC_D 
 
0.055  0.012  0.000  
EPC_G 
 
-0.030  0.010  0.003  
Dummy Access to Highway 
 
0.039  0.012  0.002  
Dummy Access to Railway 
 
0.054  0.008  0.000  
Distance Access to CBD 
 
-0.008  0.000  0.000  
Dummy Access to Sea 
 
0.136  0.020  0.000  
Percentage of People with 
University Studies  
 
0.018  0.000  0.000  
ANOVA 
    
  
Sum of squares df Mean square 
Regression 
 
925.703 18 51.428 
Residual 
 
272.679 4417 .062 
Total 
 
1198.381 4435 
 
  
F Sig 
 
  
833.058 .000b 
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Notes: Dependent variable: Ln gross price (€); OLS stepwise method     
     Sources: Self Elaboration 
 
In energy performance certification dimension, the target objectives of this thesis, rating A, D, 
G, these three enter into the final model with a significant level 0.000 and the signs 
correspond to the expectations as well. Noted that rating E, accounts for almost half of the 
sampling size cannot access to the significant test. Reasons will be discussed in the following 
chapter. In the information indicator system, there is a dimension about temperature which 
can reveal the local climate has impact on the demand of air conditioner or center heating, 
resulting in various quality houses with different selling prices. However in the final model, 
there is no variable about temperature into the model. Related to the neighborhood dimension, 
the proportion for higher educated is chosen as the only one variable into the model. It 
suggests that the more neighborhoods with higher education, the higher block value is. It can 
be seen as the externalities and all the dwellings in this neighborhood can enjoy the 
economical externalities, resulting in higher housing prices. 
 
For more details, squares built areas is included into the structural dimension, in addition to 
other variables, numbers of bathrooms and areas of terrace. As a matter of fact, before 
confirming the final model, there are more variables in structural dimension into the model, for 
example the ratio of gross area and numbers of bedrooms can be considered as a proxy of 
living quality, in addition to as a basic areas variable. However, it cannot access to the 
significant test by using the stepwise method for a better regression model, resulting in 
excluding. Carlos (2009) used this ratio variable into regression model with a small coefficient 
(B=0.001), when analyzing the impacts from the noises on housing willing prices for 
consumers. In addition, the coefficient of terrace areas (B=0.002) presents an expected 
positive impact. Consequently, numbers of bathrooms replace that of bedrooms as the 
important variable for housing selling prices. It can be regarded the proxy of living quality, 
especially in Barcelona where the average bedroom is 2 or 3. For instances, for those 
households using bathroom in a centralized and limited time, more bathroom mean they can 
enjoy a step-by-step schedule rather than in a hurry time. All these variables suggest that 
dwellings with more exterior areas and numbers of bathrooms have a premium prices on 
property value due to the comfortable living environmental and activity spaces. Furthermore, 
for offers in residential market, they can charge higher prices based on this reveal preferences 
from consumers. 
 
In terms of the quality dimension, which in fact can be included into the structural dimension. 
However considering the dividing the extrinsic and intrinsic variables, services facilities and 
household electrical appliances are set as dummies. There are two important variables (air 
conditioner and center heating) related to the target objects Energy Performance Certificates. 
Though the coefficient of correlation relationship in Pearson is less than 0.4, they have a 
higher real relationship than statistics. In the OLS model, we can see the coefficients are 
0.060 and 0.077 respectively. For the relationship, firstly, for antique and non-reform dwellings, 
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these two appliances almost no exist, which can exclude a series of over 100 years or ruin or 
deficient properties. That is the reason why variable of reform and antiquity do not enter into 
the model due to a better proxy for it. Secondly, as previous stated, dwellings with rating A 
normally has a higher quality decorations and facilities such as double gazed windows, wall 
isolation and so on. For Barcelona, a city with an average temperature 7 and 28 degrees in 
winter and summer, a property with or without air conditioner and center heating seems no 
important if the heating insulation and dissipation with a high quality. At the meanwhile, the 
less times to using these appliances, the less operative cost for households. However, for 
residential markets’ offers, it seems not an important consideration. If the results give an 
importance to heating and air conditioner, it means that the promotion of EPC do not do a 
good job, which is still in an initial stage in Barcelona. Related to facilities of swimming pools 
and access to sea, their coefficients are 0.113 and 0.136 respectively, higher than the 
dummies of center heating and air conditioner. For Barcelona, a costal city, waterfront has a 
significant impact on properties’ value. The waterfront not only focuses on the distances to sea 
but also on swimming pools and springs, proxies for the waterfront. Regarding as variable of 
elevator, it is the same situation with that of air conditioner, a proxy for antiquity. At final, high 
quality of property and kitchen enter into the model due to the more expenses on decoration 
and material, resulting in higher charge.  
 
Regarding to A dimension, commuting can be divided as these three variables for more details. 
Distance to CBD (B=-0.008) is focus on those people work in a business district or CBD, 
willing to live near to workplaces by walking or a short travel time while access to highway 
(B=0.039) concentrates on those with cars. For instances, the former one is more important 
for those living in center of Barcelona due to the heavy traffic jams and convenient transport 
system. These three variables can be considered as the proxies of commuting and can 
explain the efficiency of transport for various sectors. 
 
For target objectives variables, according to the OLS model and the data limitation, just rating 
A, rating D and rating G enter into the model with the coefficient 0.099, 0.055 and -0.030 
respectively. That is to say, if other factors are constant as the assumptions, the value 
increase up 4.4% from rating D to rating A, while the increase from rating G to rating D is 
about twice with 8.5% than the former does. With the results in same interval rating, it can be 
conducted that the lower rating of EPC will have a higher premium prices when it improves, 
namely it is a signal that EPC have a significant impact on housing asking prices. 
 
However, OLS model displays with the hypothesis of constant and linear impacts. If the 
impacts are not constant, the p-value may cause invalidity of the estimated coefficients. 
Furthermore, non-stationary impacts maybe cause spatial dependencies, resulting in 
agglomeration effect. In another words, spatial dependencies and heterogeneity will invalidate 
OLS model, resulting the estimated errors. 
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6.2 GWR model 
 
In order to solve this problem, the meaning of spatial heterogeneity should be explained. It 
was impacted by intrinsic and extrinsic factors, namely, dwelling prices in spatial variations will 
produce an area with a series of cluster factors. This is the main objective for this thesis: are 
there submarkets of EPC impact on residential value. As previous stated, different factors 
have impact on residential market and resulting various submarket of housing prices (Carlos, 
et al., 2009; Bourassa et al., 2003). It is the theoretical foundation of this thesis, EPC has a 
spatial non-stationary impact on dwelling prices and submarkets exist.  
 
According to the hypothesis, submarkets should have their own hedonic prices functions and 
even the variables also vary. In other words, a universal function cannot function well around 
the whole city and space. As previous stated, every two rating increase, the value will similarly 
increase up 4% ~ 8%, which suggests that different rating has a different premium prices and 
specific function. The limitation of hedonic prices methods is that it prefers more to prices 
influenced rather than the numbers of influences. That is the reason why even submarkets 
have their own functions or models and they also represent a significant similarity. 
 
Related to using statistics method and quantitative studies to identify submarkets, there are 
three predominate ways to employ: hedonic prices model, economic equilibrium model and 
discrete choice model and spatial statistics. However, according to cluster analysis for 
homogeneous or give an administration border seems failed for an ideal result. Therefore, 
more and more researchers begin to use fuzzy cluster and spatial analysis method to identify 
submarkets with an improved neural network and a hedonic spatial model. 
 
In order to solve spatial heterogeneity, geographically weighted regression is employed for 
this thesis. 
 
In general, the GWR adjusts as many regressions as there are observations in the analysis, in 
these regressions, the further away the observations are from the pivotal point, the less weight 
(i.e. importance) they have in the estimation of the B parameters (one difference for each 
regression). The weighting matrix is calculated as follows: 
 
wij = {1 − (
dij
hi
)
2
 }
2
 if dij < hi otherwise = 0        (6.1) 
 
where w is the weighting space matrix, i is the pivotal point of the regression, j is each of 
the N observations included in the local regression and h is the distance from the Nth j point. 
When the density of the observations is not constant throughout the space, it is advisable to 
use an adaptive kernel, making it possible to relax the geometry of the analysis area, which 
may not be isotropic from point i.  
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According to the below table of GWR model, we can see that there are 2256 cross validated 
cases (numbers locations to fit is 4436 cases) used by adaptive kernel and R2 adjusted 
increases up from 0.772 to 0.805, which means GWR model can explain 80.5% cases, 
namely the local regression model can give a more accurate result than OLS model. 
Regarding to Akaike information criterions, it shows a dramatically decrease from 256.06 to 
-371.59. Meanwhile, relative sigma decreases slightly, which suggests comparing with OLS 
model, GWR can give a better, accurate and ideal result. In the table, upper and lower 
quartiles and Huber’s M-estimator which is more robust than mean are chosen as description. 
Comparing with the coefficient of OLS, built areas and proportion high education these two 
variables no change, while almost quality variables represent an increase slightly. For the 
target variables, coefficient of rating A is a little higher than OLS, which means in GWR model, 
rating A and rating G will have a stronger impact on property value while the rating D is 
smooth around 0.050. Considering others factors constantly, form D to A, the price per square 
meter increase 297 euros while from G to D with 386 euros. This result corresponds to 
previous assumption that for EPC, lower one has a higher price penalty. 
 
Table 6.2: Calculation of Pricing Interval with Different EPC Rating 
  Huber's 
M-estimator 
A D G 
(Constant) 10.55300  
   Areas 0.01400  80  80  80  
Square areas -0.00003  6400  6400  6400  
Number bathrooms 0.09100  2  2  2  
Dummy swimming 
pool 
0.11400  1  1  1  
Terrace areas 0.00200  15  15  15  
Dummy elevator 0.12500  1  1  1  
Dummy quality kitchen 0.05700  1  1  1  
Dummy air conditioner 0.06100  1  1  1  
Dummy heating 0.07500  1  1  1  
Dummy high quality 
properties 
0.05700  1  1  1  
EPC_A 0.10400  1  0  0  
EPC_D 0.05000  0  1  0  
EPC_G -0.02900  0  0  1  
Dummy access to 
highway 
0.04000  1  1  1  
Dummy access to 
transport 
0.05300  1  1  1  
Distance a subway -0.00900  1  1  1  
Dummy access to sea 0.14000  1  1  1  
Proportion high 
education 
0.01800  25  25  25  
Total prices 
 
430795.91  407030.74  376112.66  
Price per square 
meters 
 5384.95  5087.88  4701.41  
Sources: Self Elaboration  
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From the parameter 5-number summaries, a parameter estimation about the spatial 
non-stationary variables will be produced.  
 
Table 6.3: Parameter 5 Number Summaries of GWR model 
 -1SD +1SD LQ UQ 
(Constant) -10.52742622 10.58406523 10.496562 10.728522 
Areas -0.013559191  0.014484548 0.013741 0.016578 
Square areas 3.04162E-05 -2.68063E-05 -0.000034 -0.000029 
Number bathrooms -0.084783124 0.103254118 0.054846 0.115718 
Dummy swimming pool -0.100014002 0.125976982 0.109698 0.173367 
Terrace areas -0.001577705 0.002049999 0.001841 0.002225 
Dummy elevator -0.109116419 0.126097092 0.107044 0.140854 
Dummy quality kitchen -0.046284106 0.062427362 0.043943 0.058267 
Dummy air conditioner -0.051296856 0.067900829 0.051264 0.064355 
Dummy heating -0.067834597 0.086281597 0.081238 0.095894 
Dummy high quality properties -0.0372202 0.080590901 0.052687 0.092626 
EPC_A -0.078404304 0.120394629 0.05813 0.159519 
EPC_D -0.043006086 0.067841839 0.029276 0.054064 
EPC_G 0.039690219 -0.019630854 -0.038174 -0.022107 
Dummy access to highway -0.026163203 0.050897823 -0.061296 0.128113 
Dummy access to transport -0.045662513 0.061997496 0.014526 0.034451 
Distance a subway 0.008495015 -0.007856327 -0.03467 -0.007999 
Dummy access to sea -0.115213285 0.156052399 0.12472 0.289222 
Proportion high education -0.017400363 0.018360473 0.012261 0.016438 
Sources: Self Elaboration  
 
This table is helpful to get a feel for the degree of spatial estimates with a confidence interval 
around the global estimate of the equivalent parameter. Recall that 50% of the local parameter 
values will be between the upper and lower quartiles and that approximately 68% of values in 
a normal distribution will be within ±1 standard deviations of the mean. This gives us a 
reasonable, although very informal, means of comparison. Comparing the range of values of 
the local estimates between the lower and upper quartiles with the range of values at ±1 
standard deviation of the global estimate. Given that 68% of the values would be expected to 
lie within this latter interval, compared to 50% in the inter-quartile range, if the range of local 
estimates between the inter-quartile range is greater than that of ±1 standard deviations of 
the global mean, this suggests the relationship might be non-stationary. 
 
On the basis of this evidence, the local range of Dummy accessible to highway is well outside 
the range ±1 standard deviations of the global mean. However just this one correspond to 
the well-function and thus the significance of the spatial variability in the local parameter 
estimates will be examined by a Monte Carlo test which can give a more accurate and clear 
result of spatial non-stationarity. 
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Table 6.4: Statistic Description of GWR Model 
 
Sources: Self Elaboration 
 
Below of this table, the results of a Monte Carlo test on the local estimates which indicates 
that there is significant spatial variation in the local parameter estimates for the variables: built 
areas, numbers of bathrooms, dummy of swimming pools, dummy of elevator, EPC-D, dummy 
access to highway, distance access to subway, dummy access to sea and proportion of high 
educated. 
GWR Model   Akaike information criterion  
R2 0.810  OLS 256.06  
R2 adjusted 0.805  GWR -371.59  
Sigma (SE) 0.229     
B Distribution Statistic    Significance Test  
 Lower 
quartile 
Huber's 
M-estimator 
Upper 
quartile 
Monte Carlo test for spatial 
variability         (p-value) 
(Constant) 10.496562 10.553 10.728522 0.0000 *** 
Areas 0.013741 0.010 0.016578 0.0000 *** 
Square areas -0.000034 -0.00002904 -0.000029 0.0700 n/s 
Number bathrooms 0.054846 0.091 0.115718 0.0000 *** 
Dummy swimming pool 0.109698 0.114 0.173367 0.0000 *** 
Terrace areas 0.001841 0.002 0.002225 0.6500 n/s 
Dummy elevator 0.107044 0.125 0.140854 0.0100 ** 
Quality kitchen 0.043943 0.057 0.058267 0.4600 n/s 
Dummy air conditioner 0.051264 0.061 0.064355 0.7500 n/s 
Dummy heating 0.081238 0.075 0.095894 0.0700 n/s 
Dummy high quality 
properties 
0.052687 0.057 0.092626 0.8200 n/s 
EPC_A 0.05813 0.104 0.159519 0.1400 n/s 
EPC_D 0.029276 0.050 0.054064 0.0100 ** 
EPC_G -0.038174 -0.029 -0.022107 0.4900 n/s 
Dummy access to highway -0.061296 0.040 0.128113 0.0000 *** 
Dummy access to transport 0.014526 0.053 0.034451 0.3100 n/s 
Distance a subway -0.03467 -0.009 -0.007999 0.0000 *** 
Dummy access to sea 0.12472 0.140 0.289222 0.0000 *** 
Proportion high education 0.012261 0.018 0.016438 0.0000 *** 
ANOVA Sum of 
squares 
Df Mean 
square 
  
OLS residuals 272.7 19  N nearest neighbors 2256 
GWR improvement 44.4 78.57 0.5656 Num. locations to fit 4436 
GWR residuals 228.2 4338.43 0.0526   
 F Sig    
 10.7502 0.000   
 
 
 
  
Notes: **Significant at 1%; *** Significant at 0.1%; n/s, not significant;  
Dependent variable: Ln gross price; GWR Adaptive kernel Cross-validated. 
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This spatial variation in the remaining variables is not significant and in each case there is a 
reasonably high probability that the variation occurred by chance. This is useful information 
because now in terms of mapping the local estimates, these variables exhibit significant 
spatial non-stationarity. Noted that these results reinforce the hypothesis reached above with 
the very informal examination f local parameter variation compared to the distribution of the 
global mean. 
6.3 Spatial Non-stationary Analysis 
In summary, EPC indeed has impact on housing prices with a spatial non-stationarity, but in 
this case not all the ratings do that. Rating D has positive impact with the 99% confidence 
interval. From the below map, B coefficients of EPC D will be exhibited through ArcGIS.  
 
 
Figure 6.1: Distribution of Coefficients with EPC_D 
 
Figure 6.1 gives a direct universal series of weighted coefficients of EPC_D, which show the 
degree of impact of EPC_D on residential values. It can be seen that along with the coastline, 
EPC_D has more impact (above 10 per cent) on those dwellings located in the north of RMB 
while next to the south of RMB, EPC seems less significant impacts on dwellings’ values. The 
same situation to the mountainous zones (north is higher than the south) Impacts of EPC_D 
on residential values in Barcelona city are medium above 6 per cent, which means EPC_D 
has slight impact on housing prices. It suggests that municipalities more located in the north 
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(such as Girona) are more sensitive to EPC_D related to housing prices. In other words, 
EPC_D exists more in areas located in the north of RMB.  
 
In order to detect whether there is any correlation between the impact of ECP_D on housing 
prices and the socioeconomic profile of the areas where the houses lay out, relative variables 
such as the education levels, percentage of professions and even the prices per square meter 
will compared with the coefficient of EPC_D.   
 
 
Figure 6.2: Spatial Description between high-level education and coefficient of EPC_D   
 
From the above map (Figure 6.2), the size of circles shows the percentage of people with 
university studies, which means that the more bigger the circle, the higher proportion of 
people with university studies. Related to the diffusion of people with university studies, inner 
of RMB shows a low-medium level of high-level educated people while along the coastline, 
especially in Barcelona city, proportions of high-level educated people are more than 
surrounding municipalities. For previous expectations, we supposed that EPC will have a high 
acceptance for those people with high-level educated. However, the actuality seems against 
this supposition, which reveals that the medium aggregation of high-level educated people 
has a higher correlation with EPC, rather than intensive density of high-level educated people.  
 
Related to percentage of technical professions (Figure 6.3), we can see that more people of 
technical professions are willing to live in Barcelona city (accounting for above 32 per cent), 
either in urban or suburb. Along with the coastline, the percentage is lower than Barcelona city, 
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accounting for 20 per cent almost. This situation is the same to the relationship between 
percentage of high-level educated people and coefficient of EPC_D, which means there is a 
lower correlation between EPC_D and percentage of technical professions, even it is against 
our expectations.  
 
 
Figure 6.3: Spatial Description Between Percentage of technical Professions and Coefficient 
of EPC_D 
 
Regarding to the price per square meter (Figure 6.4), the distribution seems a random and 
mixed structure. From an universal angel, the prices per square meter is higher in coastline 
than in the mountainous zones. We can see in the center of RMB, there are large numerous 
dwellings with low prices (less than 2,000 euros/m2) while in the same zone, the most 
expensive properties with prices more than 3,500 euro/m2 located (mainly in Sarria-Sant 
Gervasi, including Padralbes). Dwellings located in the north with medium price per square 
meter basically correspond to the trend of EPC_D coefficient. However due to the complicated 
factors influenced on housing prices, its distribution seems difficult to compare just with one 
variable or factor. 
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Figure 6.4: Spatial Description between Price Per Square Meter and coefficient of EPC_D 
 
After giving a simple spatial distribution analysis of prices and socioeconomic variables, a 
pearson correlation is produced for detecting the inner relationship between EPC_D and other 
variables. 
  
Table 6.5: Pearson Correlation between EPC_D coefficients and other socioeconomic 
variables 
 Pearson Correlation B_coefficient_D 
B_coefficient_D 1 
Price per m2 -.224** 
Dum_elevator .061** 
Dum_kitchen_quality -0.011 
Dum_aire_conditioner -.061** 
Dum_heating .046** 
Dum_reform -0.012 
Dum_high quality properties -0.014 
No._bedrooms -.069** 
Areas/no.bedrooms .033* 
No.bathroom -0.016 
Dum_piscine .030* 
Age -.078** 
Terrace area -0.002 
Pr_university people -.175** 
Pr_technical_professions -.167** 
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Pr_managerial professions -0.009 
Pr_technical_apoyo -.153** 
Pr_restaur_comerc .079** 
Pr_farming_fishing .366** 
Pr_craftsman .161** 
Pr_operator .149** 
Pr_no_calif 0.002 
Pr_high income -.122** 
Pr_medium income -.203** 
Pr_medium_lower income 0.02 
Pr_isothermality -.877** 
                                                   Sources: Self Elaboration 
 
From this above table, EPC_D has a deeper impact on areas where live poor people (more 
blue-collar workers with a lower price per square meter dwellings). In other words, EPC_D has 
a negative impact on areas where live people with higher income or professional jobs. It 
means that penalties of lower rating of EPC in poor areas is bigger and proves that EPC does 
not affect stationary and equally the real estate market, which may result in energetic 
submarkets, especially in areas where those poor people live.  
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Chapter 7 Conclusions 
 
7.1 Conclusions 
As previous literature review stated, there are a lot of studies concentrating on the impact on 
residential value of different factors and discussion whether the impacts with spatial 
dependencies and spatial heterogeneity. In order to identify impacts from every rating, this 
thesis focuses on division the EPC rating in 7 ratings and evaluation them as dummies, 
simplifying the model and describing variables better. It can make the results more detailed 
and calculate how every interval has impact on the residential value. 
 
From results of the final GWR model, due to EPC has expected spatial non-stationary impacts 
it shows the better explanatory of GWR (R2=0.805) than that in OLS model (R2=0.772). The 
theoretical hypothesis of OLS model is that the impacts of variables are constant and linear 
while actuality a lot of variables impact on residential prices are in a certain extent spatial 
cluster relationships. 
 
In order to give a universal consideration and a valid indicator system which is the significant 
step for the whole study, six dimensions based on the data from Habitaclia, Census 2001 and 
remote sensing and ArcGIS are discussed in the following text: structure, quality, EPC, 
accessibility, neighborhood and temperature. In this six dimension with 50 variables, it shows 
a full-scale observation for the impacts on selling prices. Related to current studies on 
residential value, more target objective is the price of willing to pay (WTP) for consumers and 
thus their indicator systems include a lot of variables about consumers’ opinions or 
preferences. For example, Carlos (2009) employed a variable - perception to noises - to show 
that the perception is very important for WTP. However for this thesis, selling prices is the 
target objective and stand offers’ side (even interaction is exist), all the variables about 
consumers are eliminated. This is the innovative and advanced to analyze impacts 
independently, namely it is a study to explore impacts on residential value in an impersonal 
view. 
 
After establishing the indicator system, depuration process will be employed for a better and 
accurate size of samplings. In the depuration process, standard deviations filtering and 
Mahalanobis Distance are the main methods and a final data set is obtained with 4,436 cases. 
Subsequently, all the variables are entered into the linear regression model with stepwise 
method, which can be displayed with SPSS. Those 18 variables with higher correlations with 
dependent variables and lower correlation with other independent variables will be used in the 
final OLS model, in addition to accessibility to significant test. For the results of parameter 
estimation, a series of coefficients of variables can be obtained for basic determination of the 
dwelling value. As previous stated, these variables have spatial variation in some degree. 
How many variables have spatial variations and how deep impact on the results of parameter 
estimation are the most significant problems, which may lead to a misunderstanding and 
errors estimation due to the lower validity and unprecise deductions. 
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Therefore, GWR model is introduced to check spatial variations, which is the most important 
and popular model to identify spatial dependencies and spatial heterogeneity. It can decide 
the existence of spatial non-stationarity by means of spatial location of every regression point. 
In other words, it is the advanced spatial model of OLS, which can deduce a more accurate 
result. This model gives two main parts for parameter estimation: global regression estimated 
which can be regarded as OLS model and GWR estimation (local regression estimated). 
Longitude and latitude are introduced for confirming location of every regression point, after 
using the optimal bandwidth by means of Akaike information criterions. GWR model offers a 
lower AIC and sigma, which means GWR model can explain more variables for the target 
objective. Meanwhile, every regression point will be calculated and produce corresponding 
parameter estimations. However for this thesis, the result of Monte Carlo test is the most 
important one for exploration the existence of submarket, namely spatial non-stationary 
impacts. Monte Carlo test can indicate directly which variables show the non-stationary impact 
by the means of the p-value less than 0.05 (Dependent on the confidence interval). However, 
related to the EPC dimension, there is just one variable – EPC_D – showing the spatial 
non-stationarity due to possibly limitations to data set.  
 
At last, the average EPC_D (calculated by means of the Huber M-estimator considering 4,436 
local estimations) is 5 per cent, which suits the estimation previous. In monetary term, it can 
be said that from rating G to rating D (increase two rating), the price per square meter 
increases 386 euros, while from rating D to rating A with 297 euros per square meter increase.    
 
As previous expected, all the rating of EPC should show this non-stationarity, therefore in 
order to inspect the paradox, the B coefficient of regression points are reentered into the 
ArcGIS and SPSS to explore the spatial distribution and correlations. Comparing with those 
socioeconomic variables (professions, income level, etc.), EPC_D has a deeper impact on 
areas where poor people live (more bluer-collar workers with a lower price per square meter). 
In other words, higher rating of EPC will attribute to a positive impact on residential housing. It 
is corresponding to expectations and state different levels of EPC will have different impact on 
housing prices, namely, spatial non-stationary impacts. 
 
It implies that the price to EPC is sensitive in districts with more people and advanced 
economy. From other side, how to promote EPC progress in remote or suburb cities, or how to 
utilize externalities from the city center successful progress promotion to influence on 
developing cities, boosting this progress to spread among Spain, further among the EU is the 
next hot issues debated. It can improve energy efficiency, alleviate carbon dioxide emission 
and build an environment- friendly society is the future research direction. 
 
7.2 Limitation of This Study 
In addition to the limitations to size of data set, there are three main defects for this study: 
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Firstly, the target objective is the asking prices based on the offers’ side (brokers, developers, 
etc.), which means when the indicator system built, all the variables are objective. However 
asking prices also impose on the consumers’ WTP and it is an interaction. Those variables 
from consumers’ opinions and preferences are also important and thus how to establish a 
indicator system with a full-scale range which can produce an accurate result is the first 
limitation to this thesis. 
 
Secondly, one of the hypothesis of OLS model is that the influences of variables is one-way 
interaction to asking prices. Actuality, asking prices also have impact on EPC and with or 
without air conditioner. Therefore if we want to improve the model with higher validity and 
efficiency, new regression models, which can reproduce the independent one-way coefficients 
for calculation, are better. 
 
Thirdly, we assume that EPC have a spatial non-stationary impact on asking prices, which 
causes the existence of submarkets. However, for the real results, just rating D shows this 
non-stationary impact. We can conclude the EPC indeed have non-stationary impact on 
housing prices due to rating D including in EPC. But it is unprecise and inaccurate, without 
enough creditability. Considering the limitation to data set and the personal preference of the 
indicator system, more optimal methods should be employed. 
 
With the limitation to time, after find the existence of submarket, there is just simple 
interpretations for this issue, however it is a future research direction and interesting issues for 
socio-economy. Therefore, how to develop this theme and do a profound research is also the 
defect of this thesis. 
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Appendix 
 
1.1: Pearson Correlations 
 
Pearson Correlations 
  Ln(price) areas areas^
2 
bathroom pisc Terra 
area 
elevator kitchen_
quality 
air_con heating dum_high_
quality 
EPC_A EPC_D EPC_G dum_ 
highw
ay 
dum_ 
railwa
y 
dist_ 
CBD 
dum_ 
sea 
pr_ 
universit
y_edu 
Ln 
(price) 
1.000 .706 .644 .533 .144 .218 .331 .107 .248 .337 .146 .080 .102 -.180 .140 .208 -.343 .004 .597 
areas .706 1.000 .961 .622 .089 .270 .198 .016 .142 .269 .144 .035 .077 -.116 .015 .040 -.051 -.028 .343 
areas^2 .644 .961 1.000 .572 .071 .248 .159 .003 .125 .215 .146 .021 .078 -.088 .023 .050 -.070 -.026 .342 
no. 
bathroom 
.533 .622 .572 1.000 .140 .198 .222 .038 .162 .284 .111 .068 .094 -.106 -.035 -.010 .039 .011 .230 
dum_pisc .144 .089 .071 .140 1.000 .118 .097 .077 .077 .108 .042 -.005 .044 -.016 -.080 -.123 .162 .118 .076 
terrace 
area 
.218 .270 .248 .198 .118 1.000 .042 .103 .099 .167 .077 -.016 .016 -.013 -.028 -.051 .089 .013 .003 
dum_elev .331 .198 .159 .222 .097 .042 1.000 .056 .152 .236 .053 .074 .081 -.141 -.030 .036 -.043 .002 .145 
dum_kitche
n_quality 
.107 .016 .003 .038 .077 .103 .056 1.000 .184 .169 .026 -.022 .052 -.041 .001 .001 -.032 .016 -.026 
dum_air_co
n 
.248 .142 .125 .162 .077 .099 .152 .184 1.000 .359 .070 .110 .071 -.080 .053 .025 -.087 -.003 .044 
dum_heatin
g 
.337 .269 .215 .284 .108 .167 .236 .169 .359 1.000 .066 .047 .105 -.149 -.042 -.028 .069 -.019 .128 
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dum_high_
quality 
.146 .144 .146 .111 .042 .077 .053 .026 .070 .066 1.000 .037 .025 .001 .011 .005 -.050 -.028 .063 
EPC_A .080 .035 .021 .068 -.005 -.016 .074 -.022 .110 .047 .037 1.000 -.065 -.089 .023 .038 -.028 -.017 -.020 
EPC_D .102 .077 .078 .094 .044 .016 .081 .052 .071 .105 .025 -.065 1.000 -.164 -.040 -.027 .017 -.021 .021 
EPC_G -.180 -.116 -.088 -.106 -.016 -.013 -.141 -.041 -.080 -.149 .001 -.089 -.164 1.000 .013 -.039 .054 .043 -.103 
dum_highw
ay 
.140 .015 .023 -.035 -.080 -.028 -.030 .001 .053 -.042 .011 .023 -.040 .013 1.000 .141 -.353 -.058 .137 
dum_railwa
y 
.208 .040 .050 -.010 -.123 -.051 .036 .001 .025 -.028 .005 .038 -.027 -.039 .141 1.000 -.382 -.007 .200 
dist_CBD -.343 -.051 -.070 .039 .162 .089 -.043 -.032 -.087 .069 -.050 -.028 .017 .054 -.353 -.382 1.000 .181 -.306 
dum_sea .004 -.028 -.026 .011 .118 .013 .002 .016 -.003 -.019 -.028 -.017 -.021 .043 -.058 -.007 .181 1.000 .015 
pr_universit
y_edu 
.597 .343 .342 .230 .076 .003 .145 -.026 .044 .128 .063 -.020 .021 -.103 .137 .200 -.306 .015 1.000 
 
 
 
1.2 Model Summary 
 
 
Model R 
R 
Square 
Adjusted R 
Square 
Std. Error of the 
Estimate 
Change Statistics 
Durbin-Watson 
R Square 
Change F Change df1 df2 Sig. F Change 
1 .879a .772 .772 .24846 .772 833.058 18 4417 0.000 1.703 
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1.3 Coefficients 
 
Model  Unstandardized Coefficients Standardized 
Coefficients 
t Sig. Collinearity Statistics 
  B Std. Error Beta   Tolerance VIF 
1 (Constant) 10.556 .028  372.738 0.000   
 Areas .014 .000 .856 30.306 .000 .065 15.503 
 Areas^2 -2.861E-05 .000 -.424 -15.852 .000 .072 13.900 
 No. bathrooms .094 .009 .096 10.180 .000 .576 1.738 
 Dum_piscine .113 .013 .065 8.704 .000 .911 1.097 
 Terrace areas .002 .000 .059 7.681 .000 .886 1.129 
 Dum_elevator .118 .008 .106 13.852 .000 .883 1.132 
 Dum_kitchen_quality .054 .008 .050 6.734 .000 .935 1.070 
 Dum_aire_cond .060 .008 .057 7.179 .000 .821 1.218 
 Dum_heating .077 .009 .070 8.355 .000 .741 1.349 
 Dum_high_quality .059 .022 .020 2.716 .007 .968 1.033 
 EPC_A .099 .021 .035 4.734 .000 .960 1.041 
 EPC_D .055 .012 .033 4.463 .000 .947 1.056 
 EPC_G -.030 .010 -.022 -2.957 .003 .922 1.084 
 Dum_highway .039 .012 .024 3.116 .002 .868 1.152 
 Dum_railway .054 .008 .052 6.591 .000 .835 1.198 
 Dist_CBD -.008 .000 -.226 -25.601 .000 .659 1.518 
 Dum_sea .136 .020 .049 6.642 .000 .943 1.060 
 Pr_university_edu .018 .000 .308 37.247 .000 .753 1.328 
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1.4 Collinearity Diagnostics 
 
Model Eigenvalue 
Condition 
Index 
Variance Proportions 
(Constant) 
areas areas^2 bathroom pisc Terra 
area 
elevator kitchen_q
uality 
air_con heating dum_high_
quality 
EPC_A EPC_D EPC_G dum_ 
highway 
dum_ 
railway 
dist_ 
CBD 
dum_ 
sea 
pr_ 
university_ed
u 
1 1 9.450 1.000 .00 .00 .00 .00 .00 .00 .00 .00 .00 .00 .00 .00 .00 .00 .00 .00 .00 .00 .00 
2 1.133 2.888 .00 .00 .00 .00 .09 .00 .00 .00 .01 .00 .06 .11 .02 .09 .00 .01 .02 .32 .00 
3 1.052 2.997 .00 .00 .00 .00 .16 .04 .00 .00 .00 .00 .06 .03 .22 .17 .00 .03 .00 .00 .00 
4 .998 3.077 .00 .00 .00 .00 .06 .00 .00 .00 .00 .00 .08 .53 .11 .00 .00 .00 .00 .09 .00 
5 .967 3.125 .00 .00 .00 .00 .00 .04 .00 .00 .00 .00 .55 .11 .06 .10 .00 .00 .00 .04 .00 
6 .841 3.351 .00 .00 .00 .00 .12 .16 .00 .01 .00 .00 .19 .00 .10 .00 .00 .02 .00 .35 .00 
7 .743 3.565 .00 .00 .00 .00 .21 .34 .00 .00 .00 .00 .01 .03 .10 .17 .00 .00 .00 .12 .00 
8 .702 3.669 .00 .00 .00 .00 .20 .14 .00 .00 .00 .00 .00 .12 .27 .17 .00 .04 .03 .00 .02 
9 .678 3.733 .00 .00 .00 .00 .02 .01 .00 .57 .10 .00 .01 .01 .01 .00 .00 .00 .00 .00 .01 
10 .548 4.151 .00 .00 .00 .00 .10 .13 .01 .01 .00 .02 .01 .03 .10 .10 .00 .19 .15 .01 .00 
11 .477 4.452 .00 .00 .00 .00 .00 .00 .00 .27 .63 .02 .01 .03 .00 .03 .00 .01 .02 .01 .00 
12 .394 4.900 .00 .00 .03 .00 .00 .07 .02 .10 .00 .00 .02 .01 .00 .05 .00 .22 .08 .02 .02 
13 .284 5.766 .00 .00 .01 .00 .01 .03 .61 .00 .05 .01 .00 .00 .00 .02 .00 .15 .11 .01 .03 
14 .236 6.326 .00 .00 .02 .00 .00 .02 .24 .00 .00 .00 .00 .00 .00 .02 .07 .19 .01 .00 .34 
15 .217 6.598 .00 .00 .00 .00 .00 .01 .05 .00 .15 .86 .00 .00 .00 .03 .03 .02 .01 .00 .00 
16 .161 7.653 .00 .00 .00 .01 .02 .00 .01 .01 .05 .04 .00 .00 .00 .01 .23 .04 .20 .02 .54 
17 .079 10.934 .00 .00 .03 .74 .00 .00 .03 .00 .00 .02 .00 .00 .00 .00 .15 .00 .10 .00 .00 
18 .033 16.899 .29 .03 .01 .21 .00 .00 .02 .01 .00 .00 .00 .00 .00 .01 .50 .05 .27 .00 .03 
19 .005 43.075 .70 .97 .89 .04 .00 .01 .00 .00 .00 .02 .00 .00 .00 .01 .01 .00 .00 .00 .00 
 
 
